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ABSTRACT

Multimodal learning and language models for enhanced knowledge repre-
sentations

Adridn Rodriguez-Bazaga

Machine learning with modern neural architectures, particularly large-scale language models,
has enabled impressive progress across diverse problem domains such as natural language
processing, graph representation learning, and tabular data analysis. However, these successes
have predominantly relied on abundant, single-modal datasets, often overlooking the inherently
multimodal and structurally complex nature of real-world data. Real-world data typically
combines multiple modalities—text, graph structures, and tabular formats—each encoding
distinct but complementary insights. Effectively integrating these heterogeneous sources remains
one of the most significant open challenges in artificial intelligence research.

In this thesis, I directly address this challenge by proposing three pioneering contributions that
leverage multimodal data through sophisticated neural architectures and advanced representation
learning techniques. First, I introduce HyperBERT, a novel neural architecture that integrates
hypergraph neural networks with pretrained language models, achieving superior node classifica-
tion performance on text-attributed hypergraphs. The second contribution tackles dense retrieval
in environments with limited labeled data by developing a novel weakly supervised semantic
distillation framework. Leveraging the rich semantic understanding embedded in large language
models along with negative sampling strategies, this framework significantly improves retrieval
accuracy and generalizability, particularly for tasks such as claim verification and evidence
retrieval. The third contribution introduces TabMDA, a Transformer-based manifold data aug-
mentation method for tabular data, leveraging pretrained Transformer encoders in combination
with an advanced in-context subsetting technique. This approach generates synthetic samples
that faithfully preserve data dependencies, enhancing downstream classification performance.

Collectively, these interconnected contributions significantly advance the frontier of mul-
timodal representation learning. Through the explicit modeling and integration of structural,
textual, and tabular information, this thesis paves the way towards building more sophisti-
cated, adaptable, and intelligent computational systems capable of nuanced understanding and

interaction with complex real-world information structures.
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GLOSSARY

Batch Normalisation A method for faster and more stable training of neural networks by

normalising intermediate representations.

CNN Convolutional Neural Network, a neural architecture leveraging spatial inductive biases

and convolution operations, typically used in image-related tasks.

Dense Retrieval Information retrieval techniques leveraging neural embeddings of text to iden-

tify relevant documents or data points from large datasets.

GAT Graph Attention Network, a subtype of GNN utilizing attention mechanisms to weigh the

importance of neighboring nodes dynamically.

GCN Graph Convolutional Network, a subtype of GNN employing convolution operations
adapted for graph-structured data.

GNN Graph Neural Network, a type of neural network incorporating structural biases by

utilizing connectivity information in the input graph.

Hypergraph A generalized graph structure where edges, known as hyperedges, can connect

more than two nodes, capturing higher-order relationships.

LLM Large Language Model, a type of deep learning model designed to understand and

generate human language, trained on vast textual datasets.

LSTM Long Short-Term Memory, a type of recurrent neural network designed to effectively

learn long-range dependencies in sequential data.

MLP Multilayer perceptron, a type of neural network consisting of multiple fully connected

layers.

MP Message Passing, a paradigm used in graph neural networks for aggregating information

across graph-structured data by exchanging messages between nodes.



Semantic Distillation A technique that transfers semantic knowledge from large language

models to smaller models or downstream tasks, enhancing their semantic understanding.

SGD Stochastic Gradient Descent, a common optimization method used for training neural

networks through iterative parameter updates.

Transformer A deep learning model architecture characterized by self-attention mechanisms,

widely used in NLP tasks and foundational to modern large language models.



CHAPTER 1

INTRODUCTION

The field of machine learning has undergone transformative advancements in recent years, driven
primarily by breakthroughs in deep neural network architectures and the widespread availability
of large-scale data. Initial developments in feedforward and recurrent architectures laid the
groundwork for modern models, yet these early networks often struggled to capture long-range
dependencies and intricate interactions present in real-world data. The emergence of Transformer
architectures [1] and their subsequent evolution into large language models (LLMs) [2, 3] have
fundamentally reshaped how sequential and contextual information is represented, enabling
unprecedented advances in natural language processing and setting the stage for integrating
diverse modalities within unified machine learning frameworks.

In parallel, research in graph representation learning has seen significant advances through
Graph Neural Networks (GNNs), including Graph Convolutional Networks (GCNs) and Graph
Attention Networks (GATs) [4, 5]. Nevertheless, real-world graphs frequently come coupled
with high-dimensional, unstructured modalities (particularly text) that require more nuanced
representation learning strategies. Hypergraphs, capable of modeling higher-order relationships
among multiple entities, introduce additional complexity and representational potential, motivat-
ing methods that integrate structural connectivity with rich textual semantics. Such integration is
essential for tasks like node classification, where both local neighborhood structure and broader
semantic context significantly influence predictive outcomes.

Concurrently, several machine learning domains have increasingly embraced weakly su-
pervised strategies to overcome limitations posed by reliance on explicit annotations, which
can be costly and scarce. Using the semantic and representational capabilities of pretrained
language models, recent methods [6, 7] demonstrate the effectiveness of weakly supervised
approaches across various tasks. These methods exploit sophisticated embeddings learned by
Transformer-based architectures, enabling robust learning and high accuracy even in environ-
ments with minimal or indirect supervision. This shift exemplifies how modern machine learning

frameworks leverage pretrained representations to achieve significant performance improvements
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without extensive labeled datasets, enabling opportunities for harnessing such capabilities in
typically data-scarce domains such as information retrieval.

Another rapidly evolving research area is the application of pretrained Transformers to
tabular data, traditionally dominated by classical machine learning techniques such as tree-
based models. Recent developments reveal that Transformer models effectively capture the
complex interdependencies inherent to tabular data by embedding inputs into continuous latent
manifolds [8, 9]. This property opens opportunities for innovative data augmentation approaches
directly within these embedding spaces, particularly valuable for enhancing downstream classifier
performance on challenging, heterogeneous datasets.

This thesis introduces interconnected research contributions that advance multimodal learning
by exploiting pretrained language models as powerful underlying foundations for sophisticated
representation learning. Specifically, I introduce HyperBERT, an innovative method for node
classification in text-attributed hypergraphs that effectively integrates higher-order structural and
textual inductive biases into hypergraph-based neural architectures and language models. Then I
propose SFAVEL, a robust weakly supervised dense retrieval approach, designed for data-scarce
scenarios, which leverages semantic distillation from pretrained language models and negative
sampling strategies for claim—evidence matching. Lastly, I present TabMDA, a training-free
tabular data augmentation method that leverages the latent manifold embedding spaces learned
by pretrained tabular Transformer models. By developing the novel in-context subsetting (ICS)
mechanism, TabMDA generates diverse and informative augmented representations, significantly
improving downstream classifier training performance. Collectively, these contributions demon-
strate the wide-ranging applicability and effectiveness of pretrained models and their learned
embedding spaces across various tasks, leveraging structural, textual, and tabular data modalities
for enhanced knowledge representations.

In essence, this thesis contributes to the emerging field of multimodal representation learn-
ing by addressing critical limitations inherent to traditional single-modal machine learning
approaches. By proposing novel methods that integrate pretrained language models with hy-
pergraph neural networks, weakly supervised dense retrieval techniques, and latent tabular data
augmentation techniques, the research presented herein substantially advances state-of-the-art
methodologies. Collectively, these contributions establish foundational principles for more
versatile, robust, and effective analyses of complex real-world information structures, opening

promising avenues for future exploration in machine learning research.

1.1 Motivation and research questions

This thesis proposes a set of theoretical contributions in the form of machine learning method-
ologies that advance three key areas: text-attributed node classification in hypergraphs, weakly

supervised dense retrieval through semantic distillation, and tabular data augmentation by lever-
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aging pretrained Transformer models. These contributions are unified by their common strategy
of exploiting pretrained models and their learned latent embedding spaces, enabling sophisticated
representation learning across complex data structures, while preserving practical applicability
and performance improvements in downstream tasks.

The research was motivated by several key observations about current limitations in the field.
First, while graph neural networks have shown remarkable success in many domains, they often
struggle to effectively incorporate rich textual node attributes, particularly in hypergraph settings
where relationships extend beyond pairwise connections. Second, existing approaches to dense
retrieval frequently rely on supervised learning, limiting their applicability in scenarios where
labeled data is scarce. Third, the challenge of data augmentation for tabular domains remains
understudied compared to computer vision and natural language processing, despite its critical
importance for real-world applications.

Within these areas, this thesis addresses three central research questions:

1. How can we effectively leverage both structural and textual information in hypergraph-
based learning? While recent advances in language models have revolutionized text
processing, integrating these capabilities with graph neural networks remains challenging,
particularly for hypergraphs where relationships are more complex than traditional graphs.
Chapter 3 addresses this through the development of higher-order representations for
text-attributed node classification, proposing a novel language model architecture that can

effectively process both hypergraph structures and textual content.

2. Can we develop robust weakly supervised approaches for dense retrieval that leverage the
semantic capabilities of large language models? Traditional dense retrieval systems often
require substantial labeled data for training, limiting their applicability. Chapter 4 explores
this challenge by developing a novel weakly supervised semantic distillation technique
that leverages language models, enabling effective dense retrieval without the need for

vast supervised training data.

3. How can we leverage pre-trained Transformer encoders to enable effective data augmen-
tation for tabular domains? While Transformers have achieved remarkable success in text
and image domains, their application to the tabular domain presents unique challenges.
Chapter 5 investigates this question by developing a novel Transformer-based data aug-
mentation technique specifically designed to improve performance on tabular data tasks,

addressing the particular characteristics and constraints of this domain.

These research questions are explored through a combination of theoretical development
and empirical validation. Each contribution is evaluated on challenging real-world datasets and
compared against state-of-the-art baselines. The thesis not only proposes novel methodologies

but also provides insights into the fundamental limitations and trade-offs inherent in each
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approach. The methodological contributions span multiple aspects of machine learning, from
architectural innovations in neural networks to novel applications of language model distillation
and Transformer-based data augmentation. Throughout the thesis, particular attention is paid to
both theoretical soundness and practical applicability, ensuring that the proposed solutions can
be effectively deployed in real-world scenarios. Figure 1.1 provides a condensed overview of
this thesis.

1.2 Thesis structure

The rest of this thesis is structured as follows: contribution-wise, I first tackle text-attributed
node classification with higher-order representations, followed by weakly supervised dense
retrieval using language model semantic distillation, and conclude with tabular data augmentation
leveraging pre-trained Transformers. Each chapter builds upon the theoretical foundations laid

out in the background while addressing distinct challenges in machine learning.

Chapter 2
Background

r Al
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Chapter 3 Chapter 4 Chapter 5
Hypergraph-aware language modeling Weakly supervised semantic distillation Manifold data augmentation in the tabular domain

Figure 1.1: An overview of the main contributions presented in this dissertation. Firstly, a novel
methodology (HyperBERT) is introduced for text-attributed node classification in hypergraphs, effectively
integrating structural and textual inductive biases by leveraging pretrained language models within
hypergraph-based neural architectures (Chapter 3). Secondly, the SFAVEL framework is proposed,
providing a weakly supervised dense retrieval approach that exploits rich semantic inductive biases distilled
from pretrained language models, particularly addressing challenges associated with limited labeled data
through innovative claim-evidence semantic matching and negative instance generation (Chapter 4). Lastly,
a novel training-free tabular manifold data augmentation method (TabMDA) is developed, leveraging the
learned latent manifold of pretrained tabular Transformer models. By introducing the in-context subsetting
(ICS) mechanism, TabMDA generates diverse and informative augmented representations directly in
the embedding space, significantly boosting the performance of downstream classifiers (Chapter 5).
Collectively, these contributions share the common strategy of harnessing pretrained Transformer-based
models and their learned embedding spaces, demonstrating their broad applicability and effectiveness in
solving diverse machine learning challenges across structural, textual, and tabular data modalities.
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Chapter 2: Background. This chapter lays the theoretical foundation necessary for understand-
ing the research presented in the contribution chapters. The chapter begins with fundamentals
of deep neural networks, covering feedforward architectures, the perceptron, multilayer percep-
trons, and the learning process. It then progresses to neural networks for sequences, examining
recurrent neural networks, long short-term memory networks, as well as neural networks for
graphs, including graph neural networks, graph convolutional networks, and graph attention
networks. Then, I cover modern architectures for language models, focusing on the Transformer
architecture, and define the concept of ’large language model”. The chapter concludes with an
overview of multimodal learning in LLMs, contrasting single- versus multi-modal scenarios, and

examining the architectural foundations for such models.

Chapter 3: Higher-order representations for text-attributed node classification. This
chapter introduces novel approaches for leveraging both textual and structural information in
hypergraph-based learning. After establishing the theoretical context and related work, the
chapter presents the concept of Text-Attributed Hypergraphs (TAHG) and discusses how pre-
trained language models can be adapted for node classification in such setting. The methodology
centers on the HyperBERT layer and introduces a hypergraph-aware pretraining task, followed
by fine-tuning strategies for downstream applications. Comprehensive experiments demonstrate

the effectiveness of the approach across multiple datasets and evaluation metrics.

Chapter 4: Weakly supervised dense retrieval through language model semantic distillation.
This chapter introduces an innovative framework for dense retrieval that leverages semantic
distillation from pretrained language models in a weakly supervised manner. Rather than
depending heavily on labeled data, the approach exploits the rich semantic representations
of large language models to guide retrieval tasks, particularly in contexts where annotated
datasets are limited. A key contribution is the introduction of a language model-based claim-
evidence distillation technique and novel negative instance generation strategies, which together
significantly improve dense retrieval performance. Comprehensive experiments and ablation
studies validate the robustness and efficacy of this method across diverse datasets and retrieval

scenarios.

Chapter 5: Tabular manifold data augmentation leveraging pre-trained Transformers.
This chapter addresses the challenge of improving machine learning performance on tabular tasks
by introducing a novel training-free data augmentation method, termed TabMDA. Instead of
developing new model architectures, my approach leverages the latent manifold learned by pre-
trained tabular Transformer models to generate diverse augmented data directly in the embedding
space. I propose a novel in-context subsetting (ICS) mechanism, which creates meaningful

label-invariant augmentations, significantly enhancing the performance and robustness of various
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downstream classifiers. Extensive experiments demonstrate notable accuracy gains across

multiple tabular datasets, confirming the effectiveness and practicality of the approach.

Chapter 6: Conclusion and future directions. Finally, this chapter synthesises the key
contributions presented throughout the thesis and outlines promising directions for future research.
It reflects on how the developed methods advance our understanding of machine learning across
three key areas: text-attributed node classification, weakly supervised dense retrieval, and tabular
data augmentation. The chapter concludes by discussing potential extensions and applications of
the proposed approaches.

Each contribution chapter (3-5) follows a consistent structure: beginning with an introduc-
tion and contribution overview, followed by related work, methodology development, exper-
imental validation, and concluding with discussion and summary. To ensure reproducibility
and transparency of the presented methods, all code implementations described in the thesis
are publicly available on GitHub. Specifically, the implementation of Chapter 3 is acces-
sible at https://github.com/AdrianBZG/HyperBERT, Chapter 4 at https://github.com/
AdrianBZG/SFAVEL, and Chapter 5 at https://github.com/AdrianBZG/TabMDA.

1.3 List of publications

The research efforts presented in this thesis have led to several publications, which I enumerate
below. The main three publications form the core chapters of this thesis, while the remaining
ones represent closely or parallel related work that has influenced or emerged from the main

research direction.

1.3.1 Main publications

1. Bazaga, A., Lio, P, & Micklem, G. (2024). HyperBERT: Mixing Hypergraph-Aware
Layers with Language Models for Node Classification on Text-Attributed Hypergraphs.
Conference on Empirical Methods in Natural Language Processing (EMNLP 2024), pages
9181-9193. Association for Computational Linguistics.

This work, presented in Chapter 3, introduces a novel approach for leveraging both textual
and structural information in hypergraph-based tasks. The paper proposes an architecture
that effectively combines hypergraph neural networks with pre-trained language models,

achieving state-of-the-art results in text-attributed node classification tasks.

2. Bazaga, A., Lio, P., & Micklem, G. (2024). Unsupervised Pretraining for Fact Verification
by Language Model Distillation. The Twelfth International Conference on Learning
Representations (ICLR 2024).
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This publication, forming Chapter 4, presents a novel framework for weakly supervised
language model distillation for dense retrieval, applied to the task of claim verification.
In particular, it addresses the challenge of aligning textual claims with evidence without
relying on vast amounts of annotated corpora. Instead of solely relying on labelled
data, I leverage pre-trained language models to distil self-supervised features that are
both semantically rich and compact for claim-evidence matching. A novel multi-term
contrastive loss function is introduced to ensure robust claim—evidence alignment by

preserving high-quality semantic relationships across the corpus.

3. Bazaga, A., Margeloiu, A., Simidjievski, N., Lio, P., & Jamnik, M. (2024). TabMDA:
Tabular Manifold Data Augmentation for Any Classifier using Transformers with In-context

Subsetting. International Conference on Machine Learning (ICML 2024).

This work, detailed in Chapter 5, introduces a novel approach to tabular data augmentation
using Transformer architectures. The method leverages in-context learning to generate
synthetic samples in the latent domain that preserve the underlying data distribution,
significantly improving classification performance of downstream classifiers across diverse

datasets.

1.3.2 Related publications

The following publications, while not forming core chapters of the thesis, represent significant

parallel work that has either influenced or emerged from the main research directions:

1. Bazaga, A., Lio, P., & Micklem, G. (2024). Language Model Knowledge Distillation
for Efficient Question Answering in Spanish. The Twelfth International Conference on
Learning Representations (ICLR 2024).

This publication leverages knowledge distillation techniques to the domain of low-resource
multilingual question answering, specifically focusing on Spanish language understanding.
The work demonstrates the broader applicability of distillation approaches beyond dense

retrieval.

2. Zhu, M., Bazaga, A., & Lio, P. (2024). FLUID-LLM: Learning Computational Fluid Dy-
namics with Spatiotemporal-aware Large Language Models. arXiv preprint arXiv:2406.04501.

This work explores the application of large language models to computational fluid
dynamics, developing a novel architecture that incorporates spatio-temporal awareness
using graph neural networks. The research demonstrates how complex physical systems
can be effectively modelled using multimodal neural architectures, sharing methodological

similarities with the work presented in Chapter 3.

21



3. Bazaga, A., Lio, P, & Micklem, G. (2023). SQLformer: Deep Auto-Regressive Query
Graph Generation for Text-to-SQL Translation. arXiv preprint arXiv:2310.18376.

This research introduces a novel Transformer-based architecture for text-to-SQL trans-
lation, incorporating techniques for structural information processing related to the ap-
proaches developed in Chapter 3. The work demonstrates state-of-the-art performance

across multiple text-to-SQL benchmarks.

4. Bazaga, A., Gunwant, N., & Micklem, G. (2021). Translating synthetic natural language
to database queries with a polyglot deep learning framework. Scientific Reports, 11,
18462.

This early publication introduces a framework for translating natural language to database
queries, significantly influencing my subsequent works on language modelling. Moreover,
it was instrumental in shaping my research trajectory, drawing me towards advanced
language modelling techniques and inspiring my deeper exploration into Transformer-

based methods during the remainder of my doctoral studies.

All these publications have undergone peer review and most have been presented at leading
international conferences or published in top-tier journals, demonstrating the broad impact and
academic rigour of the research carried out as part of this thesis. The work spans multiple areas
of machine learning, from language models to graph neural networks and data augmentation,
while maintaining a coherent focus on advancing the state-of-the-art in structured data processing
and multi-modal knowledge representations. Any unpublished work has been a strategic decision

throughout my PhD to maximize focus on the most impactful contributions.
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CHAPTER 2

BACKGROUND

This dissertation’s contributions, as detailed in Section 1.3, are solely focused on novel archi-
tectures and systems based on deep neural networks. To ensure a thorough understanding and
interpretation of their implications, I will present a comprehensive overview of the most crucial

foundational methods in this chapter.

2.1 Fundamentals of deep neural networks

2.1.1 Feedforward neural networks

Feedforward neural networks are a class of machine learning models that consist of layers of
interconnected processing units, commonly referred to as neurons or perceptrons [10]. These
networks propagate information in a single direction, from the input to the output, without
forming cycles, making them one of the simplest yet most powerful architectures in machine

learning.

2.1.1.1 The perceptron

The basic building block of feedforward networks is the perceptron. A perceptron receives an
input vector ¥ € R™ and computes a weighted sum of its components, augmented by a bias term.

Formally, given a weight vector w/ € R™ and a bias b, the perceptron computes

This linear combination is then typically passed through a nonlinear activation function o,

yielding the final output:

y=o0(z) =0 (b+a'7).
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Several activation functions are commonly employed in practice. For example, the logistic

sigmoid function, defined as o(x) = maps any real number into the interval [0, 1],

1
Tte—=’
making it useful for modeling probabili:ies in binary classification tasks. Alternatively, the
hyperbolic tangent function, given by o(z) = tanh(x), outputs values in the range [—1, 1] and is
often preferred when centered, real-valued outputs are desired. Another popular choice is the
rectified linear unit (ReLU), defined as o(z) = max(0, z), which is favored for its simplicity,
computational efficiency, and its ability to mitigate the vanishing gradient problem. A variant of
ReLU, known as Leaky ReLU, is defined piecewise such that o(z) = x forx > Oand o(z) = ax
for z < 0, where « 1s a small positive constant that ensures the gradient remains non-zero for

negative inputs.

2.1.1.2 Multilayer perceptrons

Building upon the single perceptron, multilayer perceptrons (MLPs) stack several layers of
neurons in a feedforward fashion, allowing the network to learn more complex, hierarchical
representations. In an MLP, each neuron in a layer receives inputs from all neurons in the

preceding layer. For a given layer with input %, the output of the j-th neuron is computed as
y; =0 (b + 0] 7), (2.1

where w; is the weight vector and b, is the bias associated with the neuron.
For convenience and computational efficiency, the operations of an entire layer are often
expressed in matrix form:
Y

=0 (W:f+ b> 2.2)

with W being the weight matrix and b the bias vector for that layer. Stacking multiple layers

results in deeper architectures:
7=0y <W2 o1 (Wlf n 51) + 52) . 2.3)

While the universal approximation theorem [11] guarantees that a single hidden layer with
sigmoidal activations can approximate any bounded continuous function to arbitrary precision,
this theoretical result does not provide practical guidelines for network design. In practice,
deeper networks are preferred as they enable the hierarchical extraction of features, thereby
simplifying the representation of complex functions despite the potential increase in the number

of parameters.

2.1.1.3 Learning process

In a fixed multilayer perceptron (MLP), where the architecture (i.e. the number of neurons, the

structure of weight matrices IV, bias vectors I;Z and the forms of the activation functions ¢;) is
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predetermined, the behavior of the network is entirely specified by the values of these parameters.
The learning process involves adjusting these parameters incrementally from an initial setting so
as to minimize a task-specific loss function.

The initialisation of the network parameters is crucial, as it can significantly impact the
convergence and overall performance of the model. Early deep learning approaches often relied
on unsupervised pretraining methods such as deep belief networks [12] or stacked autoencoders
[13, 14]. Nowadays, however, it is standard practice to initialise weights by drawing each
one independently from a carefully chosen distribution, typically either a uniform or a normal
distribution with zero mean. Only the variance of the weights, denoted o2, must then be specified.
For a linear neuron with zero-mean, uncorrelated inputs 7 and weights w, the variance of its

output is given by:

Nin
Var Z w;x; | = nim o Var(X), 2.4)
i=1
where n;,, is the number of inputs. To preserve the input variance through the layer, an important
consideration for stable gradient propagation, it is common to set 02 = %, which is known as
LeCun initialisation [15]. Alternatively, to preserve the variance of the backward-propagated
gradients, one may require 0> = ﬁ, where n,,; is the number of output connections. Balancing
these two criteria leads to Xavier initialisation [16]:
o’ = #, (2.5)
Nin + Nout
which is particularly effective for neurons with roughly linear activations in their unsaturated
regime. For ReLU-like activations, where only positive activations are passed through, He
initialisation [17] is preferred:

o? = (2.6)

a scheme that has been instrumental in achieving strong performance on large-scale benchmarks.

Once the parameters are initialised, the network is trained by minimizing a differentiable loss
function £, which quantifies the discrepancy between the network’s predictions and the desired
outputs. In supervised learning, for example, we assume a training set S = {(Z;, %;) }!*,. For

regression tasks, a common choice is the mean squared error:

l === _ =
Lyse = EZH‘% — il (2.7)
=1

where gz is the network’s output for input Z;. For classification tasks, the network’s raw outputs

Z; are first converted into probabilities via the softmax function:

R exp(zi;)

B = =, 2:8)
T ep(ea)
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and the loss is then measured using cross-entropy:

m K
Lo = —% Z Z Yij log Ui (2.9)

i=1 j=1

The parameters are updated using mini-batch stochastic gradient descent (SGD). At each

iteration, a mini-batch B is sampled from the training set, and the gradient of the loss with respect
to the parameters, V 7Lz, is computed via backpropagation [18]. A typical update rule is:

Or1 + 0, — V5L (2.10)

- =)

0=0,

where 7 is the learning rate. The choice of learning rate is critical; adaptive optimisation

algorithms such as Adam [19] have become popular because they adjust the learning rate
dynamically based on historical gradient information.

In Adam, for each parameter, the gradient g, is computed at time step ¢, and exponential

moving averages of the gradients and their squares are maintained:

M1 = iy + (1 — B1) g, (2.11)
Up1 = Boty + (1 — B2)35, (2.12)

with default decay rates 51 = 0.9 and 3, = 0.999. Bias corrections are then applied:

My = (2.13)
1- 1
=—_ (2.14)
1— 2
followed by the parameter update:
s < O, —n—t, (2.15)
U + €

where ¢ is a small constant (typically 10~®) that prevents division by zero.

To mitigate overfitting, an especially pressing issue in deep networks, which are typically
overparameterized relative to the size of the training data, regularisation techniques are employed.
A common approach is L, regularisation, which adds a penalty proportional to the square of the

weights’ magnitudes:
- A -
£=£+?mﬁ (2.16)

where A controls the trade-off between fitting the training data and keeping the weights small.
In practice, training proceeds by shuffling the dataset and processing it in mini-batches,

iterating over the entire set (one epoch) and repeating the process until convergence. This
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combination of careful initialisation, adaptive optimisation, and regularisation enables deep

neural networks to learn complex functions while maintaining generalisability to unseen data.

Dropout. Neural networks trained without additional regularisation tend to develop highly
specialised neurons, sometimes even relying on certain neurons to correct the errors of others.
This over-specialisation can result in a network that is overly dependent on individual neurons,
so that the failure or poor performance of a single neuron might degrade the overall network
performance. The dropout technique [20] addresses this issue by randomly “dropping”, or setting
to zero, the output of each neuron with a fixed probability p during training. To maintain the
overall scale of the activations, the outputs of the remaining neurons are then scaled by a factor of
l%p. This stochastic removal of neurons forces the network to develop redundant representations,

thereby reducing overreliance on any single neuron and improving generalisation.

Batch Normalisation. During training, the distribution of inputs to each layer in a deep
network can shift as the parameters of previous layers are updated, a phenomenon known as
internal covariate shift. While weight initialisation strategies help preserve input statistics at the
outset, these statistics can drift over the course of training, complicating the learning process.
Batch normalisation [21] offers an effective remedy by normalising the activations of each layer
on a per-mini-batch basis. Given a mini-batch B = {Z1, ..., %, }, the method first computes the

mini-batch mean

and the mini-batch variance

Each activation is then normalised as

5 Ty — UB

Ty = = )
\Vopte

and subsequently scaled and shifted by learnable parameters
~ and :

~ ~
— —

Ui =T + 6.

This procedure not only stabilizes and accelerates training but also allows the network to learn
the optimal scale and shift for the normalised activations. During inference, since mini-batches
are no longer available, the normalisation is performed using estimates of the mean and variance

computed over the entire training set, typically maintained as an exponential moving average
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during training.

2.1.2 Neural networks for sequences

While multilayer perceptrons excel at processing flat, unstructured data, many real-world appli-
cations, such as natural language and speech processing, exhibit inherent sequential structure.
Exploiting this structure allows models to incorporate useful inductive biases, thereby reducing
the amount of training data required. In this section, I discuss neural architectures designed
specifically for sequential data, noting that although these models can be framed as constrained

MLPs, their explicit treatment of sequence order enables much more efficient learning.

2.1.2.1 Recurrent neural networks

For sequences where inputs arrive over an arbitrary number of time steps with fixed feature
dimensions, fully-connected layers are inadequate due to their fixed-size input requirements.
Recurrent Neural Networks (RNNs) address this limitation by introducing a mechanism that
iteratively processes the sequence while maintaining a summary of past information. This
summary is updated at each time step to reflect both the current input and the accumulated

context from previous steps.

The Recurrent Layer. Consider a sequence of inputs {7, Zs,...,Zr}, where T denotes
the number of time steps. An RNN computes a corresponding sequence of hidden states
{ﬁl, ﬁg, cee ET} that serve as cumulative summaries of the sequence. At each time step ¢, the
hidden state is updated using a recurrent function f that combines the current input &; with the
previous hidden state th_l:

hy = f(Z hi), (2.17)

with the initial state EO typically set to the zero vector. This weight sharing across time steps
encodes a form of temporal translation invariance, ensuring that the same pattern is processed
similarly regardless of its position in the sequence.

The hidden states computed by an RNN can be leveraged in various ways. For instance, if a
prediction is required at each time step, a shared MLP can be applied to each hy. Alternatively,
for tasks such as sequence classification, the final hidden state ET is often used as a fixed-
length representation of the entire sequence. In sequence-to-sequence applications like machine
translation [22], the final hidden state of an encoder RNN may serve as the initial input to a
decoder RNN that generates the output sequence. Additionally, stacking multiple RNN layers,
where the hidden states of one layer serve as inputs to the next, forms a “deep” RNN, further
enhancing the model’s ability to capture complex temporal dependencies. It is worth noting that
even a single RNN layer, when unrolled over time, has an effective depth equal to the length of

the sequence, which introduces unique training challenges that must be addressed.
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Vanishing Gradients. The design of the recurrent cell function f in RNNs is quite flexible,
provided it takes as input the current feature vector and the previous hidden state, and outputs an
updated hidden state. In the simplest case, this function is implemented as a single-layer MLP,
as in the original SimpleRNN model [23, 24], which computes:

he = o(Wiy + Uhy_y +b), (2.18)

where I/ and U are learnable weight matrices, bis a bias vector, and o is a nonlinear activation
function.

Despite the simplicity of this formulation, SimpleRNNs suffer from significant challenges
when applied to long sequences, most notably the vanishing gradient problem. During back-
propagation through time, the gradient with respect to an input at an early time step is computed
as a product of gradients from subsequent steps. When o is a sigmoidal function, its derivative
is confined to the interval (0, 1), and the repeated multiplication of these values causes the
gradients to decay exponentially. As a result, the contributions from earlier time steps diminish
to near zero, impeding the network’s ability to learn long-range dependencies. For instance, in
language tasks where predicting a later word may depend crucially on context provided at the
beginning of a sentence, the gradients corresponding to those early inputs become too small to
effect meaningful updates.

While the introduction of the ReLLU activation function in deep MLPs helped to alleviate the
vanishing gradient issue, by maintaining gradients at O or 1, the direct application of ReLUs to
RNNSs is problematic. The unbounded nature of ReLLU outputs can lead to exploding gradients,
as each time step contributes an unscaled increment, destabilizing training. Thus, the vanishing
and exploding gradient problems remain central challenges in the training of recurrent neural

networks.

2.1.2.2 Long short-term memory networks

One of the most significant advances in recurrent neural architectures is the long short-term
memory (LSTM) network, which was specifically designed to overcome the vanishing gradient
problem that plagues simple RNNs. Although other architectures such as the gated recurrent
unit (GRU) have been proposed, the LSTM remains one of the most widely used and effective
models for capturing long-range dependencies in sequential data.

The key innovation of the LSTM is the introduction of a memory cell that maintains an
internal state, denoted by ¢;, across time steps. This memory cell enables gradients to flow
unchanged over long sequences, thereby mitigating the vanishing gradient issue. The computation
of the LSTM cell involves not only the current input Z; and the previous hidden state ﬁt_l, but
also the previous cell state ¢;_;. Rather than simply overwriting the previous state with new

information, the LSTM selectively retains a portion of it, with the degree of retention learned
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directly from data.
Concretely, the LSTM cell employs four distinct linear transformations followed by nonlin-

earities. First, a candidate cell state ét is computed as
¢, = tanh(W,Z, 4+ U.hy_1 + be),

which captures the new information to be potentially added to the memory cell. Next, an input

gate is used to determine the extent to which this candidate state should be incorporated:
iy = logistic(W; @, + Ushy 1 + EZ)

Similarly, a forget gate computes the proportion of the previous cell state to be preserved:
fi= logistic(Wz; + Uffzt_l + I;f)

Finally, an output gate controls how much of the updated cell state is exposed as the new hidden
state:
op = logistic(W, @, + Uhi 1 + l;o)

Once these gate values are determined, the cell state is updated by combining the retained

previous state and the new candidate information:
G=0,06+fi®d,
and the hidden state is then computed as
Et = 0; ® tanh(c;).

Since the forget gate is learned from Z; and ﬁt_l, the LSTM dynamically adjusts how much past
information to retain, thereby effectively learning to forget irrelevant details over time.

This mechanism enables LSTMs to capture long-range dependencies and maintain robust
performance on tasks involving complex sequential data, making them a cornerstone of modern

sequence modeling.

Regularising LSTM Networks. Although LSTMs have largely overcome the limitations of
standard RNNs in capturing long-range dependencies, their performance remains highly sensitive

to the careful tuning and regularisation of their parameters.
Weight initialisation. For initialisation, it is crucial to set the parameters in a manner that

facilitates stable training. We can initialise the recurrent weight matrices (denoted by U,) as

orthonormal matrices [25], a choice that preserves the norm of the hidden states as these matrices
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are repeatedly applied. In addition, the bias vector for the forget gate, b ¢, 1s initialised to ones
[26] to encourage the network to retain information in its memory cell during the early phases of
training, an approach that has been shown to be essential for capturing long-range dependencies.
All other weight parameters are initialised using the Xavier initialisation scheme [16], which is

particularly well-suited for sigmoidal activations.

Optimisation. Regarding optimisation, adaptive stochastic gradient descent methods such
as Adam [19] are typically effective for training recurrent networks. However, due to the
repeated application of gradient updates on the same recurrent cell, less aggressive optimisers
like RMSprop are sometimes preferred, especially in settings where RNNs are combined with

reinforcement learning algorithms.

Regularisation. Regularisation techniques such as dropout and batch normalisation are also
applicable to LSTMs, though they require special handling. For example, dropout is most
straightforwardly applied to the input-to-hidden transitions [27], while dropout on recurrent
connections necessitates using a fixed dropout mask across all time steps [28]. Similarly, while
batch normalisation can help stabilize training [29], its direct application to recurrent layers
is problematic, leading to the development of alternative normalisation methods such as layer
normalisation [30] and weight normalisation [31]. Despite these advances, the design of effective

normalisation schemes for recurrent networks continues to be an active area of research.

2.1.3 Neural networks for graphs

A significant portion of this thesis addresses models that process data combining sequential and
graph-structured information, a hallmark of multimodal data. Graph data inherently generalise
many common input types such as images, text, and speech, making the design of suitable neural
layers for graphs one of the prominent challenges in contemporary machine learning [32-34].

To illustrate this, I focus on Graph Neural Networks (GNNs), particularly in the context of
node classification. In this setting, the input is typically represented by a matrix of node features,
X € R¥*F where each of the N nodes is associated with F' features, along with an adjacency
matrix A € RV*¥ that encodes the connectivity between nodes. The objective is to assign each
node to one of C classes, thereby producing a matrix of class probabilities, Y € RV*® where
the entry Y;; represents the probability that node ¢ belongs to class j.

By leveraging the intrinsic structure of graphs, GNNs enable the propagation and aggregation
of information across nodes, facilitating the learning of representations that capture both local
and global relationships. This capability is central to the effective classification of nodes, as
it allows the model to integrate feature information with the topology of the graph, thereby

enhancing predictive performance on tasks where the relational structure is crucial.
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2.1.3.1 Graph neural networks

Graph Neural Networks (GNNs) are a class of neural models designed to operate on graph-
structured data. Initially proposed by [35, 36], GNNs leverage the inherent structure of graphs,
incorporating node features X, and edge features X, ), to learn rich representation vectors for
individual nodes, ,, and for entire graphs, ﬁg. These networks typically follow a recursive
message passing or neighborhood aggregation framework [37, 38], in which the representation
of a node v at iteration k, denoted by fzﬁ, is updated by aggregating the representations of
its neighbors from the previous iteration. The initial representations Eg are set to the input
node features, i.e., 58 = X,. After k iterations of message passing, each node’s representation
encapsulates information from its k-hop neighborhood.

This process can be formally described by two operations. First, an aggregation function

gathers information from the neighbors of a node:
@ = AGGREGATE" ({Eﬁ—l ueN (v)}) ,

and then a combine function integrates this aggregated information with the node’s previous
representation:

h* = COMBINE* (ﬁ’;—l, aﬁ) .
When edge features are available, a similar formulation is employed by incorporating the edge

information along with the representations of the connected nodes:
h" = AGGREGATEF ({(Efj—l, R X (u,0)) tu e N @)}) .

For tasks such as node classification or edge prediction, the final node representations EUK
(obtained after K iterations) are used for prediction. In the case of graph-level prediction, a
READOUT function is applied to the set of node representations to yield a single vector for the
entire graph:

he: = READOUT ({Eff lve G}> .

The READOUT function is typically chosen to be a permutation invariant operation, such
as summation, although more sophisticated functions can also be employed. In the following
sections, several GNN architectures relevant to the methods proposed in this thesis will be

explained in greater detail.

2.1.3.2 Graph convolutional networks

Graph Convolutional Networks (GCNs) were among the first architectures to directly incorporate
graph structure into neural network design. In a GCN, the aggregation of information from a

node’s neighborhood is typically performed using an element-wise mean pooling operation. Let
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W* denote the learnable weight matrix at the k-th layer and define the ReLU activation function
as ReLU(z) = max(0, x). In the simplest formulation, the update rule for the representation of

a node v is given by:
h* = ReLU <W’c - MEAN {Eﬁ—l ‘ueN(@)U {v}}) .

Here, the set NV (v) U {v} denotes the union of the neighbors of v and v itself, ensuring that a
node’s own features are incorporated in the aggregation.

An alternative update rule employs a normalisation scheme that accounts for the degrees of
the nodes. Defining A'(v) = N (v) U {v} and letting deg(v) denote the degree of node v, the

update becomes:

hi =ReLU | W*. )" (deg(v)deg(u))~"/* Rt~
ueN (v)

This normalisation ensures that the contributions from nodes are appropriately scaled by
their degrees, which helps to stabilize the learning process in graphs with nodes of varying

connectivity.

2.1.3.3 Graph attention networks

Graph Attention Networks (GATs) incorporate the attention mechanism [39] into the propagation
framework for graphs, allowing the network to learn the importance of neighboring nodes when
updating a node’s representation. In a GAT, an initial shared linear transformation is applied to
the input features of every node, using a weight matrix W € R *F_ where F is the dimension
of the input features and F” is the dimension of the transformed features. This is followed by a
self-attention mechanism that computes attention coefficients between nodes.

Specifically, for each pair of nodes ¢ and 7, the attention mechanism defines a function

a: RF" x R — R such that the non-normalised attention coefficient is given by
€ij = a (Wﬁz, Wﬁj> .

In practice, the function a is often implemented as a single-layer feed-forward neural network
parameterized by a weight vector @ € R?", followed by a LeakyReLU nonlinearity. The graph
structure is incorporated by computing e;; only for nodes j in the neighborhood N; of node 1.

These coefficients are then normalised across the neighborhood using the softmax function:

_ exp (62‘]‘)
Zke/\/’i exXp (eik)

CYZ']‘
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A common formulation for the attention coefficients is therefore:

exp (LeakyReLU (#* [ | W7]))

Oéij =

N > ken, €XD (LeakyReLU (CTT [Wﬁl I Wﬁk])) ’

where || denotes the concatenation of vectors.
Once the normalised attention coefficients are computed, they are used to aggregate the

features from the neighborhood, yielding the updated node representation:

l’?i =0 <Z Oém‘WEj) y
JEN;
with o representing a non-linear activation function.

To improve the stability and expressive power of the model, multi-head attention is often
employed. In this setting, K independent attention mechanisms compute their own set of
attention coefficients and transformed features, which are then concatenated to form the final
node representation:

K
., P
Wi= | o (Z o W hj) )
k=1 \jen:
k
ij
k-th head, and W is the corresponding weight matrix.

where || denotes concatenation, «;; are the normalised attention coefficients computed by the

In cases where the final layer of the network is used for prediction, concatenation is less

appropriate due to the increased dimensionality. Instead, the outputs from each head are averaged:
T
Wi=o (EZZ%W hj> .
k=1 jeN;

This formulation ensures that the final output retains a consistent dimension while still

capturing the benefits of multi-head attention.

2.2 Modern architectures for language modelling

2.2.1 The Transformer

The evolution of neural network architectures for sequence processing reached a critical turning
point with the introduction of the Transformer [1], which fundamentally addressed the long-
standing computational limitations of recurrent neural networks (RNNs) and long short-term
memory (LSTM) networks. Prior to the Transformer, sequential models struggled with process-

ing long-range dependencies and faced significant computational constraints that hindered their
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ability to capture global contextual information.

The breakthrough of the Transformer architecture lies in its revolutionary self-attention
mechanism, which fundamentally reimagines how neural networks process sequential data [40].
Unlike recurrent models that process inputs sequentially, the self-attention mechanism enables
every element in a sequence to interact directly with all other elements, irrespective of their
positional distance. This capability allows for a more sophisticated and efficient representation
of contextual relationships within the data.

At the heart of the Transformer’s innovative design are several key architectural components.
In the sections that follow, I detail the self-attention mechanism, positional encodings, and the
various Transformer configurations, namely the encoder-only, decoder-only, and encoder-decoder

variants.

2.2.1.1 Self-attention mechanism

The self-attention mechanism is the core innovation of the Transformer model. It replaces the
inherently sequential operations of RNNs with a fully parallelizable approach, allowing the
model to compute interactions among all tokens in the input sequence simultaneously. This

mechanism dynamically weighs the relevance of each token with respect to every other token.

Scaled Dot-Product Attention Multi-Head Attention

MatMul
) t
Mask (opt) Scaled Dot-Product
) h
* Attention
i I
L 1 L | L |
MatMul Linear Linear Linear
Q K V
\Y, K Q

Figure 2.1: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several attention
layers running in parallel. Figure extracted from [1].

Mathematically, the self-attention mechanism is formulated as follows. Given an input
sequence, three matrices are derived via learned linear projections: the Query matrix (), the Key

matrix [, and the Value matrix V. The output of the attention layer is computed as:

) QKT
Attention(Q, K, V') = softmax V,
Vdy,
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where d;, denotes the dimensionality of the key (and query) vectors. The scaling factor /dj,
mitigates the risk of exceedingly large dot product values that could lead to vanishing gradients
when applying the softmax function.

Furthermore, the concept of multi-head attention extends the self-attention mechanism by
executing multiple attention operations (or "heads”) in parallel. Each head processes different
linear projections of the input, allowing the model to attend to diverse aspects of the data
simultaneously. The outputs of these heads are concatenated and linearly transformed to produce

the final output of the layer, thereby enriching the representational capacity of the model.

2.2.1.2 Positional encodings

Since the self-attention mechanism does not inherently encode the sequential order of the tokens,
the Transformer incorporates positional encodings to imbue the model with information regarding
the order of tokens. These encodings are added to the input embeddings and are crucial for
preserving the spatial and sequential context.

The original Transformer employs sinusoidal positional encodings defined as:

N oainf P95
PE(pos, 2i) = Sln(100002i/dmodel> ’

PE(pos,2i + 1) = cos(W) :
where pos represents the token position in the sequence, ¢ denotes the dimension index, and
dpmoder 18 the hidden dimensionality of the model. This formulation produces encodings that vary
smoothly across positions, ensuring that the model can capture relative positional relationships

even for sequences longer than those encountered during training.

2.2.1.3 Encoder and decoder

The Transformer architecture is typically composed of two principal modules: the encoder and
the decoder. Figure 2.2 provides an overview of the encoder and decoder structures. Both

modules are constructed as stacks of identical layers, but they serve distinct roles.
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Figure 2.2: Architecture of the Transformer model. Figure extracted from [1].

Encoder. The encoder processes the input sequence by applying a series of identical layers,
each of which comprises two main sub-modules: a multi-head self-attention mechanism and a
position-wise fully connected feed-forward network. Residual connections and layer normalisa-
tion are applied around each sub-module to facilitate training and improve gradient flow. The
encoder is responsible for extracting comprehensive features from the input data, enabling the

model to capture both local and global dependencies.

Decoder. The decoder generates the output sequence based on the encoded representation of the
input. Each decoder layer consists of three sub-modules: (1) a masked multi-head self-attention
mechanism that ensures the model cannot access future tokens during training, (2) a multi-head
attention module that attends to the encoder’s output, and (3) a position-wise feed-forward
network. The inclusion of a masking mechanism in the decoder’s self-attention layer is critical to
prevent the model from “cheating” by using information from subsequent tokens during sequence

generation.

2.2.1.4 Encoder-only Transformer

The encoder-only variant of the Transformer architecture comprises solely encoder layers and is
typically employed in tasks that require understanding and representation of the input sequence
without generating a corresponding output sequence. This configuration is particularly effective

for applications such as text classification, sentence embedding, and other discriminative tasks.
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A prominent example of an encoder-only Transformer is BERT (Bidirectional Encoder Rep-
resentations from Transformers) [41], which is pre-trained on large corpora using unsupervised
objectives (e.g., masked language modeling and next sentence prediction) and later fine-tuned for
various downstream tasks. The encoder-only design has also been successfully applied beyond
natural language processing, such as in computer vision tasks where the model is used as a

feature extractor.

2.2.1.5 Decoder-only Transformer

In contrast, the decoder-only Transformer architecture consists exclusively of decoder layers.
This configuration is predominantly used in autoregressive tasks, where the objective is to
generate a coherent output sequence conditioned on a given context. Decoder-only models are
well-suited for language modeling and text generation, as each token is predicted based on the
preceding tokens.

Recent large-scale language models (LLMs) such as GPT [42], GPT-2, GPT-3 [3], and
GPT-4 [43], as well as models like LLaMA [44] and Mistral [45], exemplify the decoder-only
architecture. Their autoregressive training objectives enable the generation of contextually
relevant and coherent text, facilitating applications in dialogue systems, content creation, and

beyond.

2.2.1.6 Encoder-decoder Transformer

The encoder-decoder Transformer, originally proposed by Vaswani et al. [1], integrates both
encoder and decoder modules into a unified architecture. This design is specifically tailored for
sequence-to-sequence tasks, such as machine translation, text summarization, and conversational
modeling.

In this architecture, the encoder first processes the entire input sequence to generate a rich
contextual representation. The decoder then leverages this representation, along with its own
masked self-attention mechanism, to produce the output sequence. Notable models that employ
the encoder-decoder framework include T5 (Transfer Text-to-Text Transformer) [46] and BART
[47], which have demonstrated remarkable performance on a variety of generative tasks.

The encoder-decoder paradigm remains a powerful and flexible approach for tasks that
require a nuanced transformation from one sequence to another, making it one of the most

influential designs in modern deep learning research.

2.2.2 Large language models

Large Language Models (LLMs) represent a sophisticated computational approach to under-
standing and generating human language. By learning probabilistic distributions over extensive

textual corpora, these models capture intricate linguistic nuances that underpin modern natural
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language processing (NLP) applications [2]. The advent of Transformer-based architectures has
catalyzed a paradigm shift in language modeling, replacing traditional statistical methods with

advanced deep learning techniques that dynamically encode contextual information.

2.2.2.1 From static to contextual representations

Historically, language models relied on static, context-independent word embeddings that as-
signed a single representation to each word. In contrast, modern Transformer-based models,
exemplified by BERT, GPT, and their numerous variants, employ self-attention mechanisms to
generate dynamic, contextually aware representations [48]. This innovation allows each token’s
embedding to adapt according to its surrounding linguistic environment, thereby capturing the
polysemous nature of language. Such contextual embeddings better reflect the complexities of
human language comprehension, where the meaning of a word is often influenced by the entire

sentence or discourse.

2.2.2.2 Pre-training and fine-tuning paradigm

A hallmark of contemporary LLMs is their two-stage training process. The initial pre-training
phase leverages massive, diverse text collections to enable models to learn broad linguistic
patterns through unsupervised learning objectives. Typical pre-training strategies include masked
language modeling, where certain tokens are masked and then predicted, and next sentence
prediction, which fosters an understanding of broader contextual relationships [3].

Following pre-training, models undergo a fine-tuning phase, wherein they are adapted to
specific downstream tasks. This stage involves supervised learning on relatively limited task-
specific datasets, allowing the pre-trained models to achieve remarkable performance across
diverse applications such as text classification, named entity recognition, question answering,

and machine translation.

2.2.2.3 Architectural innovations and their impact

The Transformer-based architecture has profoundly impacted the design and efficacy of LLMs.
The self-attention mechanism, a core component of the Transformer, enables efficient processing
of long-range dependencies by allowing every token to attend to every other token within a
sequence. This mechanism facilitates the capture of complex semantic and syntactic relationships,
a capability that is further enhanced by the use of multi-head attention.

The impact of these innovations extends well beyond theoretical advancements. In practice,
Transformer-based language models have set new performance benchmarks in a wide array of
NLP tasks [46, 49]. Their ability to generate coherent and contextually appropriate text has led
to transformative applications in fields ranging from conversational Al to content generation and

beyond.

39



2.3 Multimodal learning in large language models

Multimodal learning represents a critical paradigm in artificial intelligence that aims to integrate
heterogeneous data sources into a unified framework. This approach mirrors the complex
sensory integration inherent to human cognition, enabling the simultaneous processing of diverse
modalities such as text, vision, audio, and graph-structured data. By combining these distinct
forms of information, multimodal systems capture richer, complementary representations that

facilitate improved reasoning and understanding compared to single-modal models [50, 51].

2.3.1 Beyond single-modal learning

Traditional machine learning methods have largely focused on processing single modalities. For
instance, natural language processing models exclusively handle text, while computer vision
systems are designed solely for image inputs. Although these single-modal approaches have
achieved significant success within their respective domains, they inherently limit a system’s
ability to capture the full spectrum of real-world information. Human perception, by contrast,
relies on the simultaneous integration of visual cues, auditory signals, and linguistic context to
form a comprehensive understanding of the environment. Inspired by this, multimodal learning
seeks to replicate such integration in artificial systems, thereby enabling the development of
large language models that can reason over multiple data types concurrently and achieve a more

nuanced representation of complex scenarios [52, 53].

2.3.2 Architectural foundations of multimodal language models

Recent advances in Transformer-based architectures have provided a robust foundation for
developing multimodal large language models. These models extend the core principles of
self-attention to accommodate multiple data modalities. The following subsections elaborate on

the key components of these architectures.

2.3.2.1 Modality-specific encoders

In multimodal LLLMs, each data modality is processed by a dedicated encoder that transforms
raw inputs into latent representations. Textual information is typically encoded using models
such as BERT or GPT [2], which generate contextual embeddings that capture semantic nuances.
Visual inputs are handled by vision encoders, such as Vision Transformers or convolutional
neural networks [54], which extract spatial and structural features from images. Similarly,
audio data may be processed using recurrent networks or temporal convolutional networks, and
graph-structured data is often encoded using graph neural networks. These modality-specific
encoders ensure that the unique characteristics of each data type are effectively captured before

integration.
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2.3.2.2 Cross-modal fusion mechanisms

After obtaining modality-specific representations, the next challenge is to align and integrate
these diverse data sources into a unified latent space. Cross-modal fusion mechanisms extend
the self-attention paradigm of Transformers to allow the model to attend across modalities. This
approach enables the system to learn the intricate inter-modal dependencies that are essential for
capturing a comprehensive view of the data. For instance, cross-modal attention mechanisms
have been successfully employed in models such as Flamingo [55], where visual and textual
inputs are jointly processed to facilitate coherent reasoning. By effectively fusing information
from multiple sources, these mechanisms contribute significantly to the improved performance
of multimodal LLMs.

2.3.2.3 Unified multimodal Transformer architectures

The ultimate goal of integrating modality-specific encoders and cross-modal fusion techniques is
to develop a unified Transformer architecture capable of processing multimodal inputs within a
single framework. Such unified architectures overcome the limitations inherent in single-modal
models by providing a holistic representation that encapsulates information from text, images,
audio, and even structured data. Recent models, such as PaALM-E [56], demonstrate the feasibility
of this approach by leveraging cross-modal attention and joint representation learning to achieve
superior performance on complex tasks. These architectures represent a significant step towards
models that more closely mimic human-like understanding, by effectively bridging the gap

between diverse data sources.

2.4 Machine learning tasks

This thesis investigates three fundamental machine learning tasks that advance the state-of-the-art
in multimodal learning and knowledge representations. Each task presents unique challenges
in processing and leveraging different types of data modalities while maintaining practical

applicability in real-world scenarios.

2.4.1 Text-attributed node classification on hypergraphs

Text-attributed node classification on hypergraphs represents a significant advancement over
traditional graph learning techniques by integrating rich textual information with complex
hypergraph structures. In contrast to conventional methods that primarily exploit the graph
topology in terms of binary relations, this approach leverages both the higher-order structural
relationships (as n-ary edges) among nodes and the semantic content associated with them,
thereby enabling more nuanced and effective learning where high order relations between nodes

exists.
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2.4.1.1 Problem formulation

Formally, let us consider a text-attributed hypergraph H = (V, E, X), where V' = {vy, vo, ..., v, }
denotes the set of nodes, E' = {ej, e, ..., e, } is the set of hyperedges with each e; C V, and
X = {mxy,x9,...,2,} comprises the textual content associated with each node v;, with x; € X.

The goal of node classification is to learn a function

[ AXG =),

which maps each node, taking into account both its textual features and the hypergraph
structure, to a corresponding label y € ). Here, G represents the space of all possible hypergraph
structures.

A central challenge in this task is to capture and integrate two distinct forms of information.
On one hand, the hypergraph’s incidence matrix H € {0, 1}/V1*I®! encodes the explicit structural
connections among nodes, reflecting higher-order interactions that extend beyond simple pairwise
relationships. On the other hand, the semantic content of each node is represented by high-
dimensional embeddings in R?, which capture the nuanced meaning contained in the text.
The task thus requires developing architectures that can effectively process and fuse these

complementary sources of information.

2.4.1.2 Approach overview

To address these challenges, my approach leverages recent advances in language modeling while
extending them to handle hypergraph-structured data. Specifically, I propose a framework that
jointly learns representations by combining a text encoder with a hypergraph message-passing

operator. This can be formally expressed as

hs = 0 (), AGG({hy : vy € N(v))))

where 1) is a text encoder that transforms the raw textual input into a semantic embedding,
AGG denotes a hypergraph aggregation function that captures structural relationships from
the neighborhood N (v;) of node v;, and ¢ is a learnable function that fuses the semantic and
structural representations. This joint representation is then used for robust node classification,
demonstrating improved performance in real-world applications where capturing higher-order

interactions is critical.

2.4.2 Semantic matching for dense retrieval

Semantic matching represents a fundamental challenge in information retrieval systems, encom-
passing both the identification of semantic relationships and the verification of factual claims

[57]. While traditional information retrieval approaches have focused on lexical matching [58],
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modern systems must handle increasingly complex scenarios involving different data modalities
and sophisticated reasoning requirements [59]. This section presents a formal framework for
semantic matching in the context of dense retrieval, with particular emphasis on cross-modal

scenarios involving structured knowledge bases and natural language queries.

2.4.2.1 Problem formulation

Semantic matching in a cross-modal setting aims to bridge the gap between different representa-
tional formats while preserving semantic meaning [60]. Given a query space Q and a knowledge
base K, I seek to learn a function that maps query-evidence pairs to relevance scores. The
complexity of this task stems from the inherent differences in how information is encoded across
modalities - while queries follow sequential linguistic patterns, knowledge bases often organize
information through structured representations [61].

In my framework, I specifically consider the alignment between natural language queries and
knowledge graph representations, building on recent advances in graph neural networks [62] and
cross-modal learning [63]. Formally, the knowledge base is structured as a graph G = (V, £, R)
where V' is the set of entities, £/ C V' x V is the set of edges, and R is the set of relation types.
The queries are represented as a set Q = {qi, ..., g, } where each ¢; € Q represents a claim or
question. The goal is to learn a matching function m : Q x K — [0, 1] that assigns relevance
scores to query-evidence pairs.

The alignment process, drawing from advances in representation learning [64], must address
challenges at multiple levels of granularity. At the local level, individual concepts and entities
must be matched across modalities - for instance, recognizing that a textual description refers
to a specific entity in the knowledge graph [65]. At the global level, the system needs to
understand how these concepts relate to each other, preserving the structural information encoded
in the knowledge graph while making it comparable with the natural language expression of
relationships in queries [66].

This cross-modal alignment presents several key challenges that have been identified in
recent literature. Firstly, semantic understanding requires the system to capture the nuanced
meaning embedded within natural language queries while preserving structured relationships
from the knowledge base [41]. Secondly, structural reasoning introduces complexity, as the
matching process must accommodate not only direct matches but also indirect relationships
necessitating multi-hop reasoning across interconnected knowledge graph nodes [67]. Finally,
effective representation learning is crucial; the system must develop compatible embeddings
for textual and graph-based data to facilitate meaningful comparisons, overcoming inherent

representational disparities between modalities [68].
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2.4.2.2 Application to claim verification

Semantic matching principles can be directly applied to the task of claim verification, where the
goal is to determine whether a given claim is supported by evidence from a reliable knowledge
source [69]. A prominent example is the Fact Extraction and VERIification (FEVER) task, which
requires systems to both retrieve relevant evidence and determine whether it supports or refutes a
given claim [69].

In the FEVER setting, claims are presented as natural language statements, while evidence
must be retrieved from Wikipedia articles. This creates a challenging cross-modal scenario
where systems must bridge the gap between unstructured claims and semi-structured article
content [70]. The task is further complicated by the need to sometimes combine multiple pieces
of evidence to verify a single claim, requiring sophisticated reasoning capabilities [71].

Beyond simple relevance matching, claim verification systems must determine the nature
of the relationship between claim and evidence: whether the evidence supports, refutes, or is
insufficient to verify the claim [70]. This makes claim verification a more complex application
of semantic matching that requires additional reasoning capabilities and careful consideration of

logical relationships between query and evidence [72, 73].

2.4.3 Tabular data augmentation with pretrained Transformers

Tabular data represents a distinct and often overlooked modality in machine learning, despite
its prevalence in critical domains such as healthcare, physics, and finance. While data augmen-
tation has proven highly effective for improving model performance in computer vision and
natural language processing, its application to tabular data presents unique challenges. These
challenges stem primarily from the lack of clear symmetries in the input space and the complex

interdependencies between features that characterize tabular data structures.

2.4.3.1 Problem formulation

Given a tabular dataset D = {(x;, y;)}_, where x; € R represents a sample with d features and
y; € Y its corresponding label, the task of tabular data augmentation aims to generate synthetic
samples that preserve the underlying data distribution while introducing meaningful variations.
Traditional augmentation techniques that rely on simple transformations or perturbations often
fail in the tabular domain, as they can disrupt critical feature relationships and lead to unrealistic
or invalid samples.

The fundamental challenge lies in identifying invariant transformations that respect both
the local structure of individual features and the global relationships between them. Unlike
images or text, where transformations like rotations or synonym substitutions preserve semantic

meaning, tabular data lacks such obvious symmetries. Moreover, features in tabular data often
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exhibit mixed types (continuous, categorical, ordinal) and complex dependencies that must be

maintained during the augmentation process.

2.4.3.2 Transformer-based manifold data augmentation

My work addresses these challenges through a novel approach that leverages Transformer
architectures and manifold learning principles. The key insight is that by mapping tabular
data into a learned manifold space using pre-trained Transformers, I can perform augmentation
operations that inherently respect the data’s structural properties. Specifically, I utilize a pre-

trained in-context model to encode tabular samples into a high-dimensional embedding space:

¢:RY 5 RY, z=¢(x) (2.19)

where ¢ represents the Transformer encoder and z is the resulting embedding in the manifold
space.

The innovation in my approach lies in its training-free nature and the use of in-context learning
principles. Rather than requiring expensive model training or complex generative architectures,
my method leverages the rich representational capabilities of pre-trained Transformers. This
allows to capture both local and global patterns in the data while maintaining computational
efficiency. The augmentation process involves three steps, namely: 1) mapping samples to the
manifold space using the Transformer encoder, 2) performing controlled perturbations in this
space while preserving label-invariant properties, and 3) generating diverse yet realistic synthetic

samples through manifold-guided transformations.

2.4.3.3 Application to downstream tasks

The practical significance of my approach extends beyond theoretical novelty. By enabling effec-
tive augmentation of tabular data, I address a critical need in many real-world applications where
data scarcity limits model performance. My method demonstrates significant improvements in
classification tasks across various domains, particularly in scenarios with limited training data.
Particularly, the training-free nature of my approach makes it valuable in modern Al systems
that require scalable and efficient solutions. Unlike traditional augmentation techniques that
may require extensive hyperparameter tuning or computational resources, my Transformer-based
method provides a practical pathway for improving model performance while maintaining
efficiency. This represents an important step toward making advanced data augmentation

techniques accessible and practical for tabular data applications.
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CHAPTER 3

HIGHER-ORDER REPRESENTATIONS FOR
TEXT-ATTRIBUTED NODE CLASSIFICATION

3.1 Introduction and contribution overview

In recent years, the study of hypergraphs has gained significant attention in the field of network
analysis [74-76]. Unlike traditional graphs, where edges represent pairwise relationships, hyper-
graphs are a generalisation of graphs where an edge can join any number of nodes, allowing for
more complex interactions by connecting multiple nodes through hyperedges. This character-
istic makes hypergraphs an ideal framework for representing complex systems such as social
networks, biological networks, and collaboration networks, where relationships often involve
sets of entities.

Machine learning on hypergraphs [74, 77], has been shown to be an effective tool for studying
complex graph-based data structures. In particular, when compared with a standard graph, a
hypergraph is more capable and flexible in modeling high-order relations since one hyperedge in
a hypergraph can connect more than two nodes. As a result, hypergraph learning has recently
gained increasing attention and has been applied to many research fields, such as computer vision
[78, 79] and recommendation systems [80, 81].

In many real-world complex systems, hypergraph data is accompanied by node attribute
information [82-85]. Some examples of node attributes include the age, ethnicity, and gender of
individuals in social networks [86], affiliations of authors in collaboration networks [87], and
article abstract texts in co-citation graphs [88]. Previous studies have demonstrated that node
attribute data potentially enhances the learning of community structure in networks [89, 90].

A particular instance of attributed hypergraphs are Text-Attributed Hypergraphs (TAHGs)
[82—85], which have been widely used for modeling a variety of real-world applications, such
as co-authoring in collaboration networks [91, 92], information retrieval [85, 93], product

recommendation [94], and many others.

47



Given the prevalence of TAHGs [82-85], I have explored how to effectively handle these
graphs, with a focus on node classification tasks. Such tasks aims at predicting the category or
label of a node based on its textual attributes and the structure of the hypergraph. This problem
is pivotal in various applications such as predicting protein functions in biological networks [95],
identifying roles in social networks [91, 92], and classifying documents in citation networks
[88]. Inherently, TAHGs provide both node attribute and graph structural information. Thus, it
is critical to effectively capture both while modeling their interrelated correlation for effective
representation learning.

Node classification in text-attributed hypergraphs presents unique challenges that are not
encountered in traditional graph-based approaches [83, 96, 97]. In this context, there are two
key hurdles. First, since hyperedges can connect any set of nodes, capturing such complex
interaction patterns becomes increasingly difficult using conventional graph-based methods.
Second, effectively exploiting the textual information to learn informative node representations
is complex. Recent advances in the field of NLP have led to the emergence of language models
(LMs) with strong capabilities for semantic understanding of text [42, 98—101]. However, the
integration of hypergraph structural information directly into language models is still an open
and under-researched topic.

To address the above limitations, I propose a novel architecture, HyperBERT, which mixes
hypergraph-aware layers into language models to simultaneously exploit hypergraph topology
and textual representations for the node classification task on text-attributed hypergraphs. In
particular, HyperBERT extends the original BERT architecture with hypergraph-specific induc-
tive biases. To do so, I design specially-crafted hypergraph-aware layers into the BERT encoder,
effectively mixing hypergraph structure with text semantic embeddings for computing node rep-
resentations. To accomplish the text-hypergraph alignment in the feature space, I propose a novel
self-supervised loss for pretraining HyperBERT and effectively aligning semantic and hyper-
graph feature spaces. HyperBERT achieves state-of-the-art performance across five widely used
hypergraph benchmarks. My code is available at https://github.com/AdrianBZG/HyperBERT.

3.2 Related work

My work is related to two lines of research: text-attributed graph learning-based methods and
language model-based approaches on text-attributed graphs [85, 102, 103]. In this section, I
review briefly the relevant literature for such categories.

Given the recent success of graph representation learning, numerous research works have
been proposed for various tasks including node classification [104] or link prediction [105].
Graph Neural Networks (GNNs) are recognized as the de facto standard technique for modeling
graph data. These methods (e.g. GCN [62], GAT [106], GraphSAGE [107] or GIN [108]) learn

effective mechanisms such that information between the nodes is aggregated for expressive
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graph representations. In the case of TAGs, a cascade architecture [107] is typically adopted.
In such setting node features are encoded independently using text modeling techniques (e.g.
Bag-of-Words [109], skip-gram [110], or more recently language models such as BERT [98]),
and subsequently aggregated via the message passing mechanism to produce the final node
representations. However, standard GNN-based approaches are only applicable to general graphs
with binary relations.

To alleviate this issue recent research has focused on developing effective methodologies for
attributed hypergraph learning in order to capture n-ary or high-order interactions between nodes
[80, 111-113]. For instance, [114] proposes an inductive multi-hypergraph learning algorithm,
which learns an optimal hypergraph embedding with good performance on the task of multi-view
3D object classification. More recently, several hypergraph-based methods have been proposed
for the task of node classification [74, 115]. In particular, [116] propose the Hypergraph Neural
Network (HGNN) architecture, which encodes high-order node correlations using a hypergraph
structure and generalises the convolution operations to the hypergraph learning process based
on hypergraph Laplacian and truncated Chebyshev polynomials. [74] propose to supplement
the family of graph neural networks with two end-to-end trainable operations, i.e. hypergraph
convolution and hypergraph attention (HCHA). [115] propose HyperGCN, model to enhance
the hypergraph Laplacian with additional weighted pair-wise edges. [117] propose HypeBoy, a
hypergraph self-supervised learning method for node classification. However, HypeBoy primarily
focuses on hypergraphs without specifically addressing the complexities introduced by nodes
with textual attributes.

Given the success of LMs in solving semantic representation learning tasks, recent works
[118] have proposed to utilise LMs for TAGs, as they can transform the nodes’ textual attributes
into semantically rich node embeddings. However, node embeddings provided by LMs often
only contain information from the textual attributes, overlooking the topological structure present
in the TAGs. To overcome this limitation, multiple works integrate LM-based embeddings with
graph learning methods [119, 120], with the goal of generating node embeddings that are tailored
for specific TAG tasks.

For instance, [85] propose Graphormer, which fuses LM-based text encoding and graph
aggregation into an iterative workflow. GIANT [121] introduces a novel neighborhood prediction
task to fine-tune a XR-Transformer [122], and feeds node embeddings as obtained by the LM
into GNNs for downstream tasks. TAPE [123] presents a method that uses LMs to generate
prediction text and explanation text, which serve as augmented text data to subsequently feed into
GNNs. LM-GNN [124] introduces graph-aware pre-training to adapt the LM on the given graph
before fine-tuning the entire model, demonstrating significant performance results. SimTeG
[125] finds that first training the LMs on the downstream task and then freezing the LMs and
training the GNNSs can result in improved performance. K-BERT [126] leverages a knowledge

layer to inject relevant triplets from a knowledge graph into the input sentence and transform
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it into a knowledge-rich sentence tree. KG-BERT [127] treats triples in knowledge graphs as
textual sequences. They propose to model entity and relation descriptions of a triple as input, and
compute the scoring function of the triple with the KG-BERT language model. Despite these
advances, previous works do not take into account the problem where both text attributes and
higher-order interactions exist between the entities, as is the case with text-attributed hypergraph

node classification.

3.3 Preliminaries

In this paper, I focus on learning representations for nodes in Text-Attributed Hypergraphs
(TAHG), where I take node classification as the downstream task. Therefore, before describing
the details of my proposed method, I start with presenting a few basic concepts, including the
formal definition of TAHGs and how language models can be used for node classification in

TAHGs. Then, I introduce the formulation of the problem my method is tackling.

@ Graph : Hypergraph

1 @ Node and its textual description

@ Hyperedge

Figure 3.1: An illustration of a standard text-attributed graph (left) where nodes are connected between
each other using binary relations, and a text-attributed hypergraph (right) where nodes are related with
high-order connections (hyperedges). In both cases, each node is attributed with a textual description,
such as paper abstract in the case for co-citation hypergraphs.

3.3.1 Text-attributed hypergraphs

A hypergraph G = (V, £, 8V is defined by a node set V and a hyperedge set £. Each hyperedge

e; € € is anon-empty set of nodes. Each node v; € V is associated with a sequential text feature,
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s; € SV, and the corresponding label 7;. Each label has a real label text ¢ from the set of all label
texts C' (e.g. ’Artificial Intelligence’ or *Supervised Learning’ for the case of paper categories in
a co-citation hypergraph). For the sake of clarity, Figure 3.1 illustrates the difference between

standard text-attributed graphs and text-attributed hypergraphs.

3.3.2 Pretrained language models for node classification

In the context of TAGs, LMs can be employed to encode the text attributes associated with
each node and learn a representation that captures the semantic meaning of the text. Let s; €
SV denote the text attributes of node 4, and LM be a pre-trained network, such as BERT [98].
Then, the text attributes of node ¢ can be encoded by applying BERT to s;. The output of the
LM is denoted as z; € R?, where d is the dimensionality of the output feature vector. Then, to
perform node classification, the output is typically fed into a fully connected layer with a softmax
function for class prediction. The goal is to learn a function that maps the encoded text attributes

to the corresponding node labels.

3.3.3 Problem formulation

Given a text-attributed hypergraph G = (V, &, S V), with each node associated with a textual
description S = {51, ..., 5|5}, Where |S]| is the number of tokens in the textual description S, and
a partial set of node labels C' C V), the goal is to predict the labels of the remaining nodes P =V
\ C.
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3.4 Methodology

@ Self-supervised Knowledge Alignment @ Fine-tuning on downstream task
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Figure 3.2: High-level overview of my proposed HyperBERT model. The model mixes hypergraph-aware
layers into BERT to simultaneously exploit hypergraph topology and text semantics for node classification
tasks on TAHGs. To accomplish the text-hypergraph alignment in the feature space, HyperBERT employs
a novel self-supervised loss for pretraining that effectively aligns semantic and hypergraph feature spaces.
After pretraining the model, it can be fine-tuned on a variety of downstream hypergraph node-level tasks
such as node classification.

In this section I present my proposed model, HyperBERT, as illustrated in Figure 3.2. First, I
begin with the details of the HyperBERT layer design. Then, I detail my proposed pre-training
methodology, followed by details of the different components of my knowledge alignment loss
function. Finally, I describe how fine-tuning is performed for a downstream node classification
task.

3.4.1 The HyperBERT layer

The HyperBERT layer explicitly mixes semantic information obtained from each BERT Trans-
former block with structural information obtained with a Hypergraph Neural Network (HGNN)
block.

Semantic Representation. The semantic representations of node textual attributes are encoded
by a BERT [98] encoder. Specifically, BERT consists of alternating layers of multi-head
self-attention (MHA) and Fully-connected Forward Network (FFN) blocks, as in the original
Transformer [128] architecture. Before every block, Layer Normalisation (LN) is applied, and
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after every block, a residual connection is added. More formally, in the ¢** encoder layer, the
hidden states are represented as X% = {z{,... 2%}, where N is the maximum length of the
inputs. First, a MHA block maps X into a query matrix Q € R™ %, key matrix K € R"*% and
value matrix V € R"*%  where m is the number of query vectors, and n the number of key/value

vectors. Then, an attention vector is calculated as follows

Attn(Q, K, V)=softmax(A)V,
QKT (3.1
Vi

In practice, the MHA block calculates the self-attention over /& heads, where each head i is
independently parametrised by W2 € Rémxd WK ¢ Rém >4 and WY e R >4 mapping

A

the input embeddings A into queries and key-value pairs. Then, the attention for each head is

calculated and concatenated, as follows

Head;=Attn(QW2 KWK VW)
MHA (X5)=Concat(Heady, ..., Head, )WY (3.2)
XE=MHA (Xx%)
where WU € Rém*dm s a trainable parameter matrix. Next, to acquire the semantic hidden

states of the input, a FFN block is applied, as follows

FFN(XY) = max(0, XsW; + b;)W, + b, (3.3)

where W, € R% >4 and W € R%7*4m are linear weight matrices. Finally, layer normali-

sation and residual connection are applied as follows

X% = LayerNorm (X5 + FFN(X%)) 3.4

Therefore, after the L encoder layers, I obtain the nodes’ textual description semantic

representations as the pooled feature tensor of the [CLS] token, denoted as X <.

Hypergraph Structural Representation. In each HyperBERT layer, structural representations
are produced through a Hypergraph Neural Network (HGNN) [78] over the node-centered
context hypergraph G;, defined as the subhypergraph containing only the hyperedges which node
1 belongs to, and its incidence matrix H;. Formally, I formulate the HGNN block to obtain

hypergraph node embeddings as follows

X5 = oD THWB'H'X" V), (3.5)

where D and B are the degree matrices of the vertex and hyperedge in the hypergraph,

respectively. o(+) is a non-linear activation function such as ReLU [129]. ¥ € R%*d¢-1) js a
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learnable weight matrix between the /" and (¢ — 1)** layer. Consequently, after L hypergraph

layers, I obtain the nodes’ structural representation as é\?é

Text-Hypergraph Joint Representation. After computing representations from both semantic
and hypergraph structural spaces, the [/ HyperBERT layer computes a mixed text-hypergraph

representation as follows

Xy, = X5+ &L, (3.6)

where X 't contains a mixture of semantic and hypergraph structural information to enable
information flow between both modalities. Specifically, to combine structural and semantic
embeddings, I add the hypergraph embedding to the embedding of each of the tokens in X i3
Therefore, X '+, effectively incorporates both the semantic information from text attributes and
the structural context from the hypergraph. This is crucial for capturing the complex interplay

between textual content and graph topology.

3.4.2 Hypergraph-aware pretraining task

In order to improve the learning capability of HyperBERT without using any human-annotated
labels, I propose a novel hypergraph-aware knowledge alignment pretraining algorithm based on
a contrastive learning loss. The proposed hypergraph-aware pretraining task exploits inherent
hypergraph knowledge from the TAHG and is applied to both the semantic and structural

representations.

Semantic Contrastive Loss. Based on the semantic representation of node 7, 2251., the other
nodes belonging to its same set of hyperedges, N (i), and the node i excluded mini-batch

instances, (i), the semantic contrastive loss objective can be defined as follows:

-1 e(fsi-i’sp/ﬂ
£semantic:—. Z IOg A y (37)
Xs -Xs. /T
‘N(l)| pE/\/(i) %() 6( S 5.7/ )
1€b(2

where 7 denotes the temperature and e(-) represents the exponential function. Here for node
1, I consider its semantic representation 2?31. as the query instance. The positive instances are
the representations of node 7’s hyperedge members {.;\?gp | p € N(i)}. Meanwhile, the negative

instances are the representations of other text nodes excluding 7 within the same mini-batch
{Xs, | j € B(i)}

Structural Contrastive Loss. Similar to the semantic representation, I also apply my con-

trastive learning algorithm to the hypergraph structural feature space representation of node ¢,

denoted as ?Egi. Formally, the structural contrastive loss is formulated as follows:
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e(ﬂ?gi -Xg, /7)

—1
»Cstructural: ~7 Z 10g —— ,
Xg.-Xg. /T
|N(Z)| e ) Z e( G;-Xg,/T)

(3.8)
JEB(i)
where Xy, is the query instance. The positive instances are {Xg, | p € N (i)} and the
negative instances are {)Eg]. | j € B(i)}.
Therefore, my semantic and structural contrastive learning losses ensure nodes belonging

to the same hyperedges to share similar representations, which inherently elicits informative

hypergraph knowledge during the learning process.

Hypergraph-Text Knowledge Alignment. In this work, my goal is to learn expressive repre-
sentations that simultaneously encode informative textual semantics within each text node, as
well as structural information among hyperedges. However, individually performing contrastive
learning on either the semantic or structural spaces is not enough due to the lack of information
exchange between both modalities. To better align the knowledge captured by the semantic and
hypergraph structural layers, I propose a hypergraph-text knowledge alignment loss function for
TAHGsS.

In particular, for each node 7, based on its semantic and structural representations, /'\?gi and
.)E'gi, respectively, I formulate the objective of hypergraph-text knowledge alignment loss, L;ign.,

as follows:

-1
‘Calzgn ‘N(Z)’ (ﬁalzgnl + Ealzgng)/ )

PEN(4)
e(igl ")esp /T)
D oKy Xs; /)’ 3.9
JEB(I)
e(fsl»??gp /T)

‘Calignl = log

'Cai n =1 Y
ligno — 108 Z e(xsi-ng/T)

JEB(0)

Given the above formulation, in the first component of the knowledge alignment loss function,
Lealign, » I treat the structural representation of node ¢, .)E‘gi, as the query, then construct the positive
and negative instances based on the semantic representations. Specifically, the positive instances
include both the representation of node ¢ as well as the representations of i’s same hyperedge
nodes (i.e., {z’ﬁgp | p € N(i)}), and the negative instances are the representations of other
instances within the same mini-batch {/ﬁgj | 7 € B(i)}. In the second component of the
knowledge alignment loss, Lign,, I consider the semantic representation .)Egl. as the query and
construct its corresponding positive and negative instances in the parallel way as for the first loss
component. Consequently, the proposed L4, alignment loss encourages the representations

of the same node learned across the two separate feature spaces, semantic and structural, to be
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pulled together in the embedding space.

Learning Objective. In order to train my hypergraph-aware language model, I jointly optimise
the proposed semantic, structural and hypergraph-text knowledge alignment losses. Specifically,

the overall training loss objective is formulated as follows:

‘C:)\lf’semantic + )\2£structural + )\3£align7 (310)

where A1, A2, A3 € R. In practice, I found that the values of A\ = Ay = A3 = 1 led to good

experimental results.

3.4.3 Fine-tuning in downstream tasks

Once the pretraining is finished, I freeze the parameters of HyperBERT and use it to compute
representations of each text node. In particular, during fine-tuning HyperBERT computes the
text-hypergraph joint representation, X (> capturing an aligned representation of the node’s
textual attributes and its topological structure in the hypergraph. Furthermore, this representation
is used to fine-tune separate models on different downstream tasks. Specifically, I train a linear

classifier from the node features to class labels for node classification using the cross entropy

loss.

Co-citation Co-authorship Movies

Method
Cora Pubmed | DBLP-A  Cora-CA IMDB
HGNN [78] 50.0 (7.2) 72.9 5.0 67.1 6.0 50.2 5.7 42.2 2.9
HyperGCN [115] 33.1 (10.2) 63.5 (14.49) 68.2 (14.4) 50.2 5.7 37.9 4.5)
HNHN [130] 50.0 (7.9) 72.1 5.4 62.6 (4.8) 48.3 6.2) 42.3 3.4)
UniGCN [131] 49.1 8.4 74.4 3.9 65.1 4.7 51.3 6.3) 41.6 3.5
UniGIN [131] 47.8 1.7 69.8 (5.6) 63.4 5.1 48.3 (6.1 41.4 2.7
UniGCNII [131] 48.5 (1.4 74.1 3.9 65.8 3.9 54.8 (7.5 42.5 3.9
AllSetTransformer [132] 47.6 4.2 724 45) 65.3 3.9 57.5 5.7 42.3 2.4)
HyperGCL [133] 60.3 (7.4) 76.8 3.7) 79.7 3.8) 62.0 5.1 43.9 3.6)
H-GD [134] 50.6 8.2 74.5 (3.5) 75.1 3.6) 58.8 (6.2) 43.0 3.3)
ED-HNN [135] 47.6 1.7 72.7 4.7 65.8 (4.8) 54.8 (5.4) 41.4 3.0
HypeBoy [117] 62.3 (1.7 77.0 3.4 80.6 2.3) 66.3 4.6) 47.6 2.5
HyperBERT 64.5 4.5 78.9 3.1 82.3 1) 69.2 4.1) 49.7 1.8)

Table 3.1: Performance of HyperBERT on a variety of hypergraph node classification benchmarks. Cell
values indicate mean and standard deviation accuracy calculated over 10 runs. Underscoring depicts the
best performance for each dataset across previous methods. Bold indicates the best overall method for
each dataset.
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3.5 Experiments

In this section I show my model performance on five hypergraph node classification benchmarks
from a variety of domains. Also, I present ablation studies to analyse the importance of the

different components of the HyperBERT model.

3.5.1 Datasets and evaluation metrics

For my experiments I consider five datasets. The hypergraph datasets are from diverse domains
and sizes, expressing co-citation, co-authorship and movie-actor relations. Following previous
works on hypergraph node classification [117, 135], I calculate classification accuracy in all my
experiments. I evaluate all models over 10 runs and report the mean and standard deviation of

the test set accuracy averaged across them. Table 3.2 provides statistics on the datasets.

Dataset Nodes  Hyperedges  # Classes
Cora 1,434 1,579 7
Pubmed 3,840 7,963 3
DBLP-A 2,591 2,690 6
Cora-CA | 2,388 1,072 7
IMDB 3,939 2,015 3

Table 3.2: Statistics of the text-attributed hypergraph datasets used in my experiments.

I utilize two co-citation datasets: Cora and Pubmed. In these datasets, each node represents
a publication and hyperedges represent sets of publications co-cited by particular publications.
For example, if a publication has cited other nodes (publications) v;, v; and vy, these nodes are
grouped as a hyperedge {v;, v;, v} € £. Node classes indicate categories of the publications.
Moreover, for co-authorship datasets I utilize Cora-CA and DBLP-A. In Cora-CA and DBLP-A,
each node represents a publication, and a set of publications that are written by a particular
author is grouped as a hyperedge. Classes indicate categories of the publication. I use IMDB
for a movie-actor dataset. In this dataset, each node indicates a movie, and the movies that a
particular actor has acted on are grouped as a hyperedge. Node attributes describe the plot of the

movie and classes indicate the genre of the movie.

3.5.2 Implementation details

I implemented HyperBERT with PyTorch [136] and the HuggingFace library [137]. For the

hypergraph neural network components, I use PyTorch Geometric [138]. For the knowledge
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alignment stage, I set batch size as 32, and training steps to 20,000 on a single NVIDIA A100
GPU. I utilize the Adam optimiser with a fixed weight decay rate of 10~° and learning rate of
10~3. The number of layers for HyperBERT is set to 6, number of heads is 8 and dropout rate
is 0.5. The dimensionality is set to 512. The temperature parameter 7 contained in my loss, is
set to 0.2. For training on downstream tasks, I use 200 epochs with an output MLP for node
classification containing 2 layers and dimensionality of 512. I evaluate validation accuracy of the
model every 10 epochs and keep the model checkpoint that yields the best validation accuracy,

then I use it for predicting on the test dataset. Results are on the test set unless stated otherwise.

3.5.3 Overall performance

I first conducted experiments to evaluate model performance on text-attributed hypergraph node
classification and present the results in Table 3.1. As shown in the table, my model HyperBERT
outperforms all the baselines on the five hypergraph evaluation datasets, so demonstrating
superior capability in text-attributed hypergraph node classification.

On the co-citation datasets, compared with AllSetTransformer [132], my model’s classifica-
tion accuracy is 64.5% for the Cora dataset, achieving 16.9% absolute performance improvement
(47.6% vs 64.5%). In the case of PubMed, HyperBERT achieves 78.9% classification accuracy,
which when compared with AllSetTransformer (72.4%) attains a 6.5% absolute accuracy incre-
ment. When compared with more recent methods that make use of self-supervised techniques for
training the model, such as HypeBoy [117], my model’s classification accuracy is 64.5% in Cora,
a +2.2% improvement from 62.3%, and 78.9% in PubMed, a +1.9% increase from 77.0%. This
effectively shows the benefit of my proposed architecture for solving text-attributed hypergraph
node classification tasks.

In the co-authorship dataset experiments, when compared with the AllSetTransformer, Hyper-
BERT attains an accuracy of 82.3% (+17%) and 69.2% (+11.7%) in the DBLP-A and Cora-CA
datasets, respectively. In comparison with HypeBoy, HyperBERT obtains +1.7% and +2.9%
performance improvements in the DBLP-A and Cora-CA datasets, respectively. Furthermore, my
model reaches a performance in the IMDB movies dataset of 49.7%, an absolute improvement

of 7.4% and 2.1% when compared with AllSetTransformer and HypeBoy, respectively.

3.5.4 Ablation studies

To investigate the contribution of each module in HyperBERT, I conduct several ablation studies

to isolate and measure the impact of individual components on overall performance.

Effect of Architectural Components. In order to validate the architectural design of Hy-
perBERT, I explore the effect of its different components towards node classification accuracy

in the Pubmed dataset, and provide the results in Table 3.3. On the one hand, I investigate
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suppressing particular components of the loss function, such as the semantic loss, structural loss,
and alignment loss. To do so, I set their respective A factors to 0, effectively cancelling their
contribution during the pretraining stage. I find that these loss components lead to significant
performance decreases when removed. Specifically, accuracy decreases to 66.4% (-12.5%),
68.8% (-10.1%) and 63.1% (-15.8%) when removing the semantic, structural and alignment
losses, respectively. As expected, the biggest performance impact is given when eliminating the
alignment loss, as it leads to completely disparate feature spaces for text and hypergraph node
representations. I also study the impact of neglecting the high-order topology by replacing the
HGNN encoder with a GNN, decreasing performance to 71.2% (-7.7%). In addition, I show the
effect of not pretraining the model and instead training it from scratch on the downstream task,
leading to a performance decrease of 71.5% (-7.4%). Therefore, the results of these experiments

justify my architectural choices.

Method Accuracy (%)
HyperBERT w/o semantic loss 664+ 1.3
HyperBERT w/o structural loss 68.8 + 1.6
HyperBERT w/o alignment loss 63.1 £2.3
HyperBERT with GNN as structural layer | 71.2 4+ 3.5
HyperBERT w/o pretraining 71.5£15
HyperBERT 789 + 3.1

Table 3.3: Effect of the different architectural components in node classification accuracy (and & 95%
confidence interval) of HyperBERT on the Pubmed benchmark.

Impact of Hypergraph Encoder. The choice of hypergraph encoder plays a crucial role in the
computation of the hypergraph structural representations in HyperBERT. For this reason, Table
3.4 shows the node classification results in the PubMed dataset when using several different
hypergraph architectures as hypergraph encoder layers while keeping BERT as the text encoder.
As can be observed, the highest performance is achieved when using HGNN as the hypergraph
encoder, with 78.9% (% 3.1) accuracy, whereas the lowest is attained when using HyperGCN,
leading to an accuracy of 76.3% (% 2.5). These results highlight the significant impact that the
choice of hypergraph encoder can have on model performance, suggesting that careful selection

of the encoder architecture is essential for optimising node classification accuracy.
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Encoder Accuracy (%)
HyperGCN [115] 76.3 +£2.5

HNHN [130] 769 + 1.8
UniGCN [131] 77.6 £2.3
UniGIN [131] 77.5 £ 2.1

UniGCNII [131] 779 £ 34
ED-HNN [135] 782 £2.6
HGNN [78] 78.9 £ 3.1

Table 3.4: Accuracy of node classification on the PubMed test set using different hypergraph architectures
as hypergraph encoder layers.

Impact of Text Encoder. The choice of text encoder is crucial in determining the overall
performance of HyperBERT, particularly when the hypergraph encoder is fixed to HGNN. Table
3.5 presents the node classification results on the PubMed dataset using different text encoders
while keeping HGNN as the hypergraph encoder. The highest performance is achieved with
BERT, showing an accuracy of 78.9% (&£ 3.1), while ELECTRA and RoBERTa demonstrate
slightly lower accuracies of 78.4% (& 2.9) and 78.2% (& 3.0), respectively. These results
indicate that while all three text encoders provide competitive performance, BERT remains the

most effective choice in this setup.

Encoder Accuracy (%)
RoBERTa [139] 78.2 +3.0
ELECTRA [140] 784 +£29
BERT [98] 78.9 + 3.1

Table 3.5: Accuracy of node classification on the PubMed test set using different text encoders while
keeping HGNN as the hypergraph encoder.

3.6 Discussion and summary

In this chapter, I introduced HyperBERT, a novel hypergraph-aware language model that inte-
grates hypergraph structural information with the semantic capabilities of BERT for the task of
text-attributed hypergraph node classification. My approach is motivated by the need to simul-
taneously leverage rich textual attributes and the complex, higher-order connectivity inherent

in hypergraphs, a combination that traditional graph learning methods have struggled to fully
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exploit.

HyperBERT distinguishes itself by incorporating hypergraph-aware layers directly into the
BERT architecture, thereby endowing the model with the ability to capture both local semantic
details and global structural context. The design of HyperBERT was guided by several key
insights. First, by embedding hypergraph topology into the learning process, my model is better
positioned to identify subtle correlations and interactions among nodes that are only apparent
when considering high-order relationships. Second, my choice of a self-supervised pretraining
task based on contrastive learning facilitates effective alignment between the semantic and
structural feature spaces. This alignment is crucial for enabling the model to generate robust and
discriminative node representations.

Empirical evaluations on five benchmark datasets from diverse domains, spanning co-citation,
co-authorship, and movie-actor relations, demonstrate that HyperBERT significantly outperforms
existing baselines. The comprehensive ablation studies further underscore the importance of
each component of my architecture. In particular, the semantic and structural contrastive losses,
as well as the hypergraph-text alignment mechanism, each contribute to the overall performance,
confirming my hypothesis that the joint modeling of text and hypergraph structure is essential
for accurate node classification.

Overall, HyperBERT not only advances the state-of-the-art in text-attributed hypergraph node
classification but also offers a promising framework for integrating multimodal data sources.
The findings in this chapter highlight the potential of blending structural graph information
with powerful language models, paving the way for future research in more efficient knowledge

alignment and in exploring additional downstream tasks beyond node classification.

61



62



CHAPTER 4

WEAKLY SUPERVISED LANGUAGE MODEL
SEMANTIC DISTILLATION FOR DENSE
RETRIEVAL

4.1 Introduction and contribution overview

In recent years, the issue of automated claim verification has gained considerable attention as the
volume of potentially misleading and false claims rises [141], resulting in the development of fully
automated methods for claim checking (see [141-145] for recent surveys). Pioneering research
in the field of Natural Language Processing (NLP) has led to the emergence of (large) language
models (LMs) (e.g. [42, 99—-101]). These models have been successful in many applications due
to the vast implicit knowledge contained within them, and their strong capabilities for semantic
understanding of language. However, issues around fact hallucination have gained considerable
attention [146, 147] and are a major concern in the widespread usage of LLM-based applications
across different settings.

As the world becomes more aware of the issues around information trustworthiness, the im-
portance of developing robust claim verification techniques grows ever more critical. Historically,
the design of claim verification methods has been enabled by the creation of annotated datasets,
such as FEVER [142] or MultiFC [148], of appropriate scale, quality, and complexity in order to
develop and evaluate models for claim checking. Most recent methods for this task have been
dominated by two approaches: natural language inference (NLI) models (e.g., [142, 149-153]),
and knowledge graph-augmented methods (e.g. [70, 154—157]). These proposals mainly leverage
the NLI methods to model the semantic relationship between claim and evidence, or further
make use of the knowledge graph (KG) structure to capture the features underlying between
multiple pieces of evidence.

However, these studies have largely relied on annotated data for model training, and while
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gathering data is often not difficult, its labelling or annotation is always time-consuming and
costly. Thus, an emerging trend in the literature [158—161] is to move away from annotation-
dependant methods and try to learn patterns in the data using unsupervised or weakly supervised
training methods. With the advent of such training methods, new avenues have opened for
research into leveraging the huge amounts of unlabelled data to achieve better performance
more efficiently. Despite significant advancements in the field of weakly supervised learning,
only a handful of strategies have been proposed for textual claim verification (e.g. [162—165]).
Thus there are still opportunities for the development of weakly supervised techniques tailored
specifically for such tasks.

Following recent trends in weakly supervised methods, I eliminate data annotation require-
ments and instead, without human supervision, automatically try to identify relevant evidence for
fact-checking. Thus, in this chapter I present a novel weakly supervised feature representation
learning strategy with well-designed sub-tasks for automatic claim-fact matching. My method
leverages pre-trained features from Language Models and focus on distilling them into compact
and discrete structures that attain a high alignment between the textual claims to be verified,
and their corresponding evidence in the knowledge graph. In particular, my contributions are

summarized as follows:

* Tintroduce a novel weakly supervised training method, applied specifically to the task of
claim verification on textual claims and knowledge graph-based evidence by language

model distillation.

* I demonstrate that my method achieves state-of-the-art performance in claim verification
and knowledge retrieval benchmarks, such as FEVER and FB15k-237.

* | justify my architectural design decisions with ablation studies on the main components.

4.2 Related work

Claim verification with pre-trained language models. Most recent works typically divide
the claim verification task into two stages. The first stage retrieves a relatively small subset of
evidence from a knowledge source (e.g. a knowledge graph) that is relevant to verify a given
claim. The second stage performs reasoning over the retrieved evidence to discern the veracity
of the claim. Such retrieval-and-reasoning approaches aim to reduce the search space, and have
proven their superiority over directly reasoning on the whole knowledge graph [166, 167]. In
order to match evidence with claims, a typical approach is to devise claim-fact similarities using
semantic matching with neural networks. Due to the great semantic understanding recently
demonstrated by pre-trained language models (PLMs), some recent works employ PLMs for
addressing the claim-fact semantic matching task. In this vein, some works exploit the implicit

knowledge stored within LMs for performing zero-shot claim checking, without any external
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knowledge or explicit evidence retrieval [168, 169]. However, such methods are prone to suffer
from hallucination errors, resulting in incorrect predictions. Other work, such as ReAct [170],
explores the use of LMs to generate both reasoning traces and task-specific actions over a
knowledge base by in-context learning via prompting, overcoming prevalent hallucination issues
by interacting with a Wikipedia API. However such an approach is limited by input length
making it impractical in complex tasks. In my method I distill the features of recent pre-trained
language models to yield highly-correlated claim and evidence embeddings. I make use of a set
of eight language models as backbones because of their quality, but note that my method can

work with any language model.

Unsupervised and weakly supervised training methods for claim verification. Learning
meaningful features for claim-fact matching without human labels is a nascent research direction
in claim verification approaches, with recent works relying on self-supervised techniques. For
instance, CosG [171] proposes a graph contrastive learning approach to learn distinctive repre-
sentations for semantically similar claims with differing labels, with the goal of mitigating the
over-smoothing issues commonly found in graph-based approaches. The model incorporates both
unsupervised and supervised contrastive learning tasks to train a graph convolutional encoder,
enhancing the representation of claim-fact pairs in the embedding space. [172] presents SSDL, a
multi-task learning strategy that initially builds a student classifier using both self-supervised
and semi-supervised methods, and then fine-tunes the classifier using distilled guidance from
a larger teacher network that remains frozen during training. However, this method requires
pairs of text claims and corresponding visual information as training data. [173] introduces
KEGA, a knowledge-enhanced graph attention network for claim verification, which uses ex-
ternal knowledge bases to improve claim and evidence representations. It uses a contrastive
learning loss to capture graph structure features. With BERT as its backbone, the model includes
knowledge from WordNet and pre-trained knowledge base embeddings to enrich token repre-
sentations, while a graph attention network [174] and the contrastive loss further enhance the
model’s ability to reason. LaPraDoR [175] introduces a pre-trained dense retriever approach
with contrastive learning for unsupervised training of query and document encoders. The method
is applied in a variety of text retrieval challenges, with FEVER being one of them. However,
it shows a significant performance gap when compared against the supervised state-of-the-art
approaches for FEVER. One of the main reasons is the lack of task-specific contrastive functions.
In contrast to these works, my method is designed with a task-specific weakly supervised feature
representation strategy, leveraging language model distillation to achieve high-quality claim-fact

weakly supervised matching on large scale datasets for claim verification.

Knowledge distillation. Knowledge distillation seeks to transfer the knowledge from a (usually
large) model, called the teacher, to another (usually small) model, called the student. This

technique is often used for increasing the performance of the small model. One of the first
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approaches for knowledge distillation was proposed by [176], via minimising the KL-divergence
between the teacher and student’s logits, using the predicted class probabilities from the teacher
as soft labels to guide the student model. Instead of imitating the teacher’s logits, [177] distilled
knowledge by minimising the L., distance between the intermediate outputs of the student and
teacher. [178] aligned the pair-wise similarity graph of the student with the teacher, and [179]
used the attention map generated by the teacher to force the student to attend to the same areas as
the teacher. More recently, knowledge distillation has been extended for self-supervised settings.
For instance, [180] use the contrastive loss to enforce cross-modality consistency. [181] and
[182] aim at aligning the features between views of the same instances by computing pair-wise
similarities between the student’s outputs and features kept in a feature memory bank produced
by the teacher. In this work, I propose to transfer the semantic knowledge of a pre-trained
language model within a new type of self-supervised task, claim verification, by leveraging
the language model capabilities of language understanding to guide the student to produce

high-quality features for claim-fact matching.

4.3 Methodology

In this section I present my proposed weakly supervised semantic distillation training approach
in detail, as illustrated in Figure 4.1a. First, I begin with the data processing pipeline. Then, I
detail my proposed pre-training methodology, followed by details of the different components
of my proposed contrastive loss function. Finally, I describe the optional adaptation phase,
where I fine-tune the model pre-trained with my framework for a downstream claim verification

classification task.
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(a) Self-supervised Language Model Distillation Pre-training (b) (Optional) Fine-tuning
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Figure 4.1: (a) A high-level overview of my training framework. Given a textual claim, I use a frozen
language model (orange box) to obtain its embedding features, XM . The knowledge base is fed to the
knowledge model to produce a knowledge base embedding X¥'. Then, the scoring module produces
scores for facts in the knowledge base, conditioned upon the claim embedding. The positive sub-graph
formed by the top K facts is kept, denoted as X ¥’ . Next, a negative pool of instances A. Finally, both
the positive and negative sub-graphs are encoded with the knowledge model, obtaining the positive and
negative sub-graph embeddings, X’ " and X, and their respective scores, ST and S~. Grey boxes
represent three the different components of my self-supervised loss function used to train the knowledge
model. (b) Optional supervised fine-tuning stage on a downstream task using the pre-trained model.

4.3.1 Data processing pipeline

Throughout this section, I assume to have sampled a batch of unlabelled claims x = {z;}Y |,
with z; being the i*" claim and N the batch size. In addition, I assume access to a knowledge
base represented as a knowledge graph G(g, R), where €, R are the set of real-world entities
associated with a name (e.g. Barack Obama, New York City), and the relationship type between
entities (e.g. was born in), respectively. I also define F' as the set of facts contained in G,
represented as triples of subject, relation, object, named as head, relation and tail. Then, G can
be defined as G = {(h;, ri, ;) | hi, t; €&, 7 € R }, where i € {1, ..., |F|}.

4.3.2 Pretraining method

As shown in Figure 4.1a, my pre-training approach uses a pre-trained language model to obtain

a feature tensor for each of the input claims. In my method, I use a knowledge model to embed
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facts from the knowledge graph, and a scoring module that scores each of such facts conditioned
upon a specific claim. To tackle the discrepancy in information-level between the features from
the pre-trained language model and the knowledge model, I introduce a weakly supervised
distillation loss that encourages the representation of the claim and its related knowledge facts to
be mapped close together in the feature space of the knowledge model. A scoring loss function
encourages the scoring module to provide higher scores for positive facts than to randomly-
generated negative facts. To avoid the network finding trivial solutions where both positive and
negative facts are given similar scores, a contrastive loss is used to encourage the separation,
within the feature space, of features representing the positive and negative facts.

First, the knowledge model is initialized randomly and the backbone is initialized from any
off-the-shelf pre-trained language model (e.g. a T5; [183]). In this work, the backbone f7, is
kept frozen during the entire training and is only used to obtain a feature tensor for each claim,
denoted as XY which is used for distillation on the much smaller knowledge model. In order
to obtain a single tensor representation per claim, I take the global average pooling (GAP) of
the backbone features for each claim. For the knowledge model, I utilize a Relational Graph
Attention Network [184].

Next, the knowledge model, f : G — RIVI*% maps the input knowledge graph, G, into
X KB ¢ RIVI¥dv where |V| is the number of nodes in G and dy is the feature space dimensionality.
In order to obtain a single feature tensor for each fact in F', I use a multilayer perceptron (MLP)
that combines the head and tail embeddings for each fact into a single tensor, denoted as X% €
RIFIxdr

Then, given a single claim and fact embedding, denoted as X" and X/, respectively, I
propose a score function, f,.,... The goal of fq.... is to measure how likely it is that a given
fact is in the same context as the corresponding claim. Specifically, the calculation of f,...e 18
defined as:

fSCOI‘C(X'[LM7XiF‘) = d(XZLM?Xf) (4.1)

where d(.) is a similarity score, which I take to be the L, norm. Therefore, given the
embedding of claim z;, and every fact embedding in the knowledge base, X', I can compute the
relevance scores S; = { fore (X", X[) [ Vje {1, ...,

corresponding to claim x; is defined as:

F|}. Then, the set of most relevant facts

F;" = top-rank(S;, K) 4.2)

where top-rank(:, K) returns the indices of top K items in a set. 1 can now obtain the
embeddings of the positive facts, X T C X*, and the corresponding scores, ST C .S, by using

the indices of the top K facts according to the scores .S.
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4.3.3 Generation of negative instances

In Section 4.3.2 I have described the process of obtaining both the positive fact embeddings and
scores, X" and S, respectively. In this section I explain how to harness the graph structure of
the knowledge base to produce corresponding negative signals for contrastive learning.

In order to produce a negative set for claim z;, herein denoted as NV;, I take inspiration from
recent advances in graph contrastive learning (e.g. [185-187]), and propose to generate two
sets of negative instances: in-batch negatives and in-knowledge-base negatives, denoted as N;"
and N, respectively. My approach aims to generate negative samples that are factually false
while preserving the contextual meaning of the entities, so that meaningful negative samples are
fetched.

In-batch negatives. To generate in-batch negatives I perform a random perturbation of the
entities in the set of positive facts F;" for a given claim z;. Formally, let us define the set of triples
in the positive set of claim i as T; = {(h, i, ;) | Vi€ {1,2, ..., |F;"|}, where h, r, t represents
head, relation and tail, respectively. My goal is to generate M negative samples in each given
batch B. For each triple ¢;, .+ in T}, I decide in a probabilistic manner whether the perturbation is
done on the head or the tail of the triple. For this, let us define a random variable perturb_head
~ Bern(ppeqq) sampled from a Bernoulli distribution with parameter pj..q4, dictating whether the
head of a triple should be perturbed, with probability pj..q, Or the tail otherwise. Then for each
triple ¢+, I generate a negative triple U g O s by altering head (ppeqq = 1) or tail (ppeqq =
0), respectively, such that the new head, B, ortail, t, are sampled from e uniformly. To provide
semantically meaningful negatives, I enforce the entity type of the randomly sampled head/tail

to be of the same type as the one in ¢, ,.;.

In-knowledge-base negatives. Given the nature of the in-batch negative generation process,
the negative triples are bounded to be semantically similar to the corresponding positive triples,
and hence close by in the feature space. Therefore, this bias leads to under-exploration of other
parts of the knowledge base feature space. In order to alleviate this issue, I propose to add
randomly-sampled facts from the knowledge base into the negative set. Specifically, given the
knowledge base G, I sample M triples that are at least H hops away from F". This encourages
the negative generation procedure to dynamically explore other parts of the knowledge base.
To obtain the final negative set for claim x;, I join both the set of in-batch negatives A" and

in-knowledge base negatives N** as:

N, :/\/'im U./\/;-kb 4.3)

Finally, I obtain the embeddings of the negative set, Xt~ from the knowledge model, and the
negative scores from the scoring module as S~ = { fieore (XY, X]F_) [Vje{l,2,...,|N}.
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4.3.4 Language model distillation for semantic matching

Once I get positive and negative fact embeddings and scores, they can be used for the distillation
process. In particular, I seek to learn a low-dimensional embedding that distils” the feature
correspondences of a pre-trained language model between textual claims and the knowledge base
features produced by the knowledge model. To achieve this, I propose a loss function composed

of 3 terms: claim-fact distillation, £, intra-sample contrastive loss, £;,+-q, and scoring loss,

£scom’ng .

Claim-Fact Distillation. To transfer the feature correspondences from the pre-trained language
model to the knowledge model, I propose a feature-based [179] claim-fact distillation loss.

Specifically, I propose the following distillation loss:

Laistin = E

jEF+

FK M FL]W P
J J

[T PR T |P

(4.4)

p

where F/*™ and F/M are respectively the knowledge model (student) and language model
(teacher) feature representations, for each fact j, in the positive fact set, F'*. p refers to the norm
type, and I use p = 2 for Ly-normalized features. To obtain F]-LM , I compute the pooled features
representation of the verbalized triplet j given by the LM, similarly to [188]. Therefore, the

distillation is computed as the Mean Squared Error on the normalized fact embeddings.

Intra-Sample Contrastive Loss. The intra-sample distillation loss derives from the standard
contrastive loss. The aim of the contrastive loss is to learn representations by discriminating the
positive instance, among negative samples. For instance, in MoCo [161], two views, x and 2, of
one input image are obtained using augmentation, and an encoder f, and momentum encoder f;,
are used to generate embeddings of the positive pairs, such that ¢ = f,(z) and k = fu(x"). In this

case, the contrastive loss can be defined as:

r g XP(a-k/7)
contrastive — — 10 .
et ® Sievexp(a-ki/7)

Similarly to [189], I extend the contrastive loss function by replacing the query, ¢, in the

4.5)

original formulation with the claim embedding, denoted as X iLM , and extending the formulation
to account for multiple positive keys. Consequently, I contrast the query with respect to each of

the individual positive (numerator) and negative (denominator) facts, as follows:

—1 XLM X ET
Eintra - —+ Z 1Og eXp( - LMZ /;)_ ’
|F] ZjeF* exp(X; - Xj /T)

i€Ft+

(4.6)

where T is the temperature parameter, used during training to smooth the logits distribution.

The rationale of L, is to pull the positive fact embeddings close to the claim representation
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while simultaneously pushing away the negative fact embeddings.

Scoring Loss. The scoring loss is a variant of the conventional pair-wise ranking loss [190].
Ranking losses are used to evaluate the performance of a learned ranking function. In this work,
I propose the Lcoring loss function to maximise the scores given by the scoring model to the
positive facts, F'*, and minimise the scores of the negative facts, F'~, for a given claim z;. In

particular, I minimise the following loss:

Locoring = 3 3 maw (0,7 + frane XX = frne XY, XTT)) @)
i€t jeF—
where « is a margin factor. Minimising L.,ring €ncourages elements of fscore(XiLM , XiF +)
to be highly ranked and elements of foore (X", Xf) to have low scores. More explicitly, it
optimises the model parameters so that the scores of positive facts, (h,r,t) € F'*, are higher
than the scores of negative facts (h',r',t') € F~.
Finally, the full loss is formalized as follows:

ﬁtotal = Adistill/v‘distill + )\int'ra/v‘mtra + /\scormgcscoring (48)

where Agistiii, Aintra> Ascoring € R. In practice, I found that a ratio of A\jnirq = Ascoring =

2\ aistin led to good experimental results.

4.4 Experiments

In this section, I present a comparative study of the results of my proposed method on standard
benchmarks for claim verification, as well as ablation studies on the most relevant components. 1
first describe the datasets, evaluation and training settings. Next, I discuss extensive experiments
on my method for the task of claim verification. Finally, I run a set of ablation studies to evaluate

the impact of the most important components of my proposed framework.

4.4.1 Implementation details

Datasets and evaluation. I use the FEVER [142] dataset for all my experiments and com-
parison against previous methods. For pre-training I use the official FEVER training set. For
providing the performance comparisons against previous work, I use the official FEVER testing
set. In my ablation studies, I employ the official FEVER development split. To evaluate the
learning performance in a low-data regime, I randomly sample 1%, 5% or 10% of the training
data. As knowledge base, I use the WikidataSm [191]. I provide some examples of claims from
FEVER in Table 4.1. Finally, I also compare on the FB15k-237 dataset from [192].

71



Claim Evidence Label

The Rodney King riots took place | (1992 Los Angeles riots, also_known_as, | SUPPORTED
in the most populous county in | Rodney King riots), (Rodney King
the USA riots, occurred_in, Los Angeles
County), (Los  Angeles County,
county_of, USA), (Los Angeles County,
most_populous_county_of, USA)

Giada at Home was only available | (Giada at Home, is_a, Televion Show), | REFUTED
on DVD (Giada at Home, aired_on, Food Network),
(Food Network, is_a, Television Channel)
Al Jardine is an American rhythm | (Alan Charles Jardine, is_a, guitarist), (Al | SUPPORTED

guitarist Jardine, alias_of, Alan Charles Jardine),

(Alan Charles Jardine, has_nationality,

American)
Bob Ross created ABC drama | (Robert Norman Ross, also_known_as, | REFUTED
The Joy of Painting Bob Ross), (Robert Norman Ross, is_a,

Painter), (Robert Norman Ross, is_a, Tele-
vision host), (Robert Norman Ross, cre-
ator_of, The Joy of Painting), (The Joy of
Painting, is_a, Instructional television pro-
gram)

Table 4.1: Examples from FEVER [142] of claims, their annotated evidence and label.

Pretraining. Eight models with a variety of sizes are used as pre-trained language models: T5-
Small [183], DeBERTaV3 [193], XLNet [194], RoBERTa [139], BERT [98], Transformer-XL
[195] and GPT-2 [101]. The pre-trained language models are kept frozen during pre-training with
my method. The officially released weights from HuggingFace [196] are used to initialize the
pre-trained language models for fair comparisons. Pre-training is run for a total of 1000 epochs.
During training I use a RGAT as the knowledge model with 3 convolutional layers, with a hidden
size of 512. The projector from node embeddings to triple embeddings is a MLP with the same
dimensionality as the pre-trained language model sentence embedding size. The model is trained
with the SGD optimiser with momentum 0.9 and weight decay 0.0001. The batch size is set to
512 over 4 A100 GPUs, and the coefficients for the different losses are A\ipirq = Ascoring = 1,
Adistin = 2. 1 set the temperature 7 = 0.1. T use K =5 for the number of facts to keep after
scoring. The number of negative instances used in the negative pool for contrastive learning is
set to M = 4096.

Linear Probe Fine-tuning. In order to evaluate the quality of the distilled claim-fact matching
features, I follow common evaluation protocols [197, 198] for measuring transfer learning
effectiveness. Specifically, I train a linear classifier to perform label assignment to claims (see
Figure 4.1b for an example illustration). The classifier is trained for 200 epochs, using the SGD
optimiser with 20 as the initial learning rate. The only purpose of this linear probe is to evaluate

the quality of the features and is not part of the pretraining procedure.
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4.4.2 Experiments on the FEVER dataset

I summarize my results on the FEVER claim verification benchmark in Table 4.2. My method
significantly outperforms prior state of the art. In particular, I improve by +9.23% on label
accuracy in the test set when using a simple linear probe and a frozen backbone pre-trained using
my method. Notably, even though my method has been trained without any data annotations, it
is capable of outperforming the best supervised method (ProoFVer) by +9.58% label accuracy.
These experiments demonstrate the benefits of my task-specific weakly supervised training

framework for learning rich feature representations for claim-fact matching.

Method Unsupervised Dev Test
LA  Fever Score | LA  Fever Score

GEAR [70] X 74.84 70.69 71.60 67.10
KGAT [157] X 78.29 76.11 74.07 70.38

[199] v 81.21 - 74.39 -
GERE [200] X 79.44 77.38 75.24 71.17
CorefBERT [153] X - - 75.96 72.30
DREAM [154] X 79.16 - 76.85 70.60
ProoFVer [201] X 80.74 79.07 79.47 76.82

[162] v 80.20 - 80.25 -
SFAVEL v 90.32 88.10 89.48 86.15

Table 4.2: Performance on the FEVER benchmark (label accuracy and FEVER score in %) of my
proposed pre-training approach after fine-tuning a linear classification probe on the FEVER benchmark.
In this experiment I use the GPT-2-XL as backbone. Underlined performances indicate the top score for a
particular metric, bold indicates the overall best method. Dataset splits are from [142].
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Figure 4.2: Low-data experiments by fine-tuning on 1%, 5%, 10% and 15% of data over 3 different
language backbones.
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Figure 4.3: Label accuracy with different K for number of facts selected after scoring.
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Furthermore, following previous works in contrastive learning [202], I evaluate the proposed
method by distilling 3 different language model backbones (T5-Small, Transformer-XL, GPT-2-
XL) and fine-tuning in a low-data setting by using 1%, 5%, 10% and 15% of labelled data. As
shown in Figure 4.2, my method is capable of achieve on-par performance with recent methods
despite only fine-tuning with 1% of the data, reaching 74.22% and 76.14% dev set accuracy
with Transformer-XL and GPT-2-XL backbones, respectively. When using 5% of labelled data,
my method surpasses previous state-of-the-art on the FEVER benchmark. This experiment
highlights the high-quality features my framework is capable of learning for claim-fact matching,

allowing high accuracy even when only a few labelled data points are available.

4.4.3 Experiments on the FB15k-237 dataset

In addition to my evaluations in Section 4.4.2 I compare my method to prior work on the FB15k-
237 claim checking task presented in [192]. I utilize the same evaluation metrics and dataset
processing as [203]. In this setting, in contrast to FEVER evaluation, I obtain the top K facts
given a claim directly from my weakly supervised pre-trained model, without the need for a
downstream prediction head. In Table 4.3 I find that my method is able to achieve +5.3%, +3.6%
and +6.3% for Hits@ 1, Hits@3 and Hits@ 10, respectively, compared to the previous state of the

art.

Method Hits@1 Hits@3 Hits@10

KG-BERT [127] - - 42.0

StAR [204] 20.5 32.2 48.2

KG-S2S [205] 25.7 37.3 49.8

SimKGC [206] 24.6 36.2 51.0

MoCoSA [203] 29.2 42.0 57.8

SFAVEL 34.5 45.6 64.1

Table 4.3: Performance on the FB15k-237 dataset test split. I use the GPT-2-XL as backbone for
distillation. Following previous methods, I measure performance using the Hits@1, 3, 10 metric. I
obtain the top K facts from my weakly supervised pre-trained model, without the need for a downstream
prediction head.

4.4.4 Ablation studies

In the following section, I provide several ablation studies for my proposed approach. All
experiments and results are performed on the FEVER development set with the GPT-2-XL as

language model backbone unless explicitly stated.
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Pre-trained Language Model. To understand the impact of pre-trained language model se-
lection for distillation backbone, I perform an ablation study and report the results in Table
4.4. T analyze the effect of using several different language models during the weakly super-
vised training stage, such as T5-Small, DeBERTaV3, XLNet, GPT-2-Small, RoBERTa, BERT,
Transformer-XL and GPT-2-XL. I choose this particular set of language models as they are
diverse in terms of their number of parameters. The smallest language model in my experiments
is T5-Small (60 Million parameters), with the biggest LM being GPT-2-XL (1.5 Billion parame-
ters). This gives some insight into how the language representation capabilities of each of the
models affects the distillation effectiveness. I find that the GPT-2-XL is the best feature extractor
of the list and leads by a significant margin in terms of accuracy. However, I note that even
the smallest backbone (T5-Small; 60M parameters), although modestly, achieves performance

greater than the previous state-of-the-art (+0.54% accuracy).

Backbone # Params  Accuracy
T5-Small 60M 80.79
DeBERTaV3 86M 82.09
XLNet 110M 84.46
GPT-2-Small 117M 84.92
RoBERTa 125M 85.31
BERT 140M 87.92
Transformer-XL 25TM 89.51
GPT-2-XL 1.5B 90.32

Table 4.4: Accuracy of linear classification results on FEVER dev set using different pre-trained language
models as backbone for distillation.
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@
- = =
Backbone I G Accuracy
T5-Small v v 56.34
T5-Small v 72.71
T5-Small v VvV 77.46
T5-Small v v V 80.79
GPT-2-XL v v 57.20
GPT-2-XL Vv v 79.64
GPT-2-XL v Vv 87.16

GPT:2- XL v v V 90.32

Table 4.5: Effect of the different components of my loss function. From left to right: language model
backbone used, whether claim-fact distillation, intra-sample contrastive and scoring losses are used,
respectively.

Influence of K in fact selection. I inspect the impact of K in fact selection after scoring for
model performance. As shown in Figure 4.3, the results are consistent for a range of K (K =1,
5, 10, 20, 30). In particular, I observe a decrease in classification accuracy with K = 10, 20, 30
compared with K = 5. I believe this decrease is caused by the factual noise introduced when K
becomes large, where irrelevant information is used for verifying the specific claim. In contrast,
with K =1, the performance drop is caused by a lack of information, as only a single fact is
used to check a claim. Avoiding this is critical in settings where multiple pieces of evidence are

required for reasoning, as it is for FEVER.

Loss function components. [ evaluate the different loss functions described in Section 4.3.4,
and provide the results in Table 4.5. In particular, I investigate suppressing particular components
of the loss function, such as the claim-fact distillation loss, intra-sample contrastive loss, and
scoring loss. To do so, I set their respectively A factors to 0, effectively nullifying their influence
during training. I find that these loss components lead to significant performance decreases when

removed, therefore justifying my architectural decisions.

4.5 Discussion and summary

In this chapter, I introduced a novel weakly supervised training method that leverages language
model semantic distillation for dense retrieval. My approach is designed to overcome the

limitations of annotation-dependent methods by automatically learning high-quality feature
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representations for claim—fact matching without relying on human labels. The key innovation of
my method lies in its ability to distill the rich semantic knowledge embedded in large pre-trained
language models into a more compact, knowledge-aware model through novel contrastive and
scoring losses.

My experiments on standard benchmarks such as FEVER and FB15k-237 demonstrate that
the proposed framework not only achieves state-of-the-art performance but also substantially
narrows the gap between supervised and unsupervised approaches. By distilling features from
multiple language model backbones, I ensure that my method is both robust and versatile, capable
of extracting meaningful representations even in low-data regimes. The significant improvements
in label accuracy and retrieval metrics underscore the effectiveness of integrating claim-fact
distillation, intra-sample contrastive learning, and scoring losses into a unified training objective.

The comprehensive ablation studies further validate my design choices, revealing that each
loss component contributes critically to the overall performance. In particular, the contrastive
mechanisms guide the model to distinguish between relevant and irrelevant evidence, while the
scoring loss fine-tunes the ranking of evidence to ensure that positive evidence are prioritized.
These insights highlight the importance of task-specific loss formulations that exploit the inherent
inductive biases of evidence retrieval tasks.

Overall, my work presents a general and effective strategy for weakly supervised training. By
enabling the transfer of semantic knowledge from large-scale language models into specialized
knowledge models, my framework not only advances the state of the art in dense retrieval but
also opens new avenues for future research in unsupervised and weakly supervised learning.
This approach has the potential to be extended to other domains where obtaining labelled data is

challenging, thereby fostering more scalable and efficient learning systems.
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CHAPTER 5

TABULAR MANIFOLD DATA AUGMENTATION
LEVERAGING PRE-TRAINED
TRANSFORMERS

5.1 Introduction and contribution overview

Tabular data is prevalent and integral to critical domains such as medicine [207-209], physics [210,
211] and chemistry [212, 213]. However, acquiring large datasets can be prohibitively expensive

or impossible, making it challenging to train machine learning models effectively [214, 215]. In

vision and language tasks, a common remedy for addressing model performance issues due to

data scarcity is employing data augmentation (DA) techniques to generate additional synthetic

samples [216]. Techniques such as exploiting symmetries in the data, like rotating, flipping or al-
tering the colour of images, or generating paraphrased sentences for text, are used to increase the

diversity of the training set, and often lead to improved model generalisation. However, applying

DA to tabular data in the input space is challenging, because tabular data is heterogeneous and

lacks clear symmetries [217]. Consequently, existing tabular augmentation methods in the input

space often degrade model performance, hindering their widespread adoption [218].

Data augmentation on a learned manifold is advantageous, because it enables label-invariant
transformations [219, 220]. Manifolds provide a structured, continuous space where data points
can be meaningfully interpolated or transformed. However, current manifold data augmentation
(MDA) methods face two challenges in the context of tabular data. Firstly, these methods are
typically model-specific, and no general MDA method is applicable across different models.
Secondly, MDA has been primarily developed for neural networks, which learn a manifold space
[221]. However, for tabular data, neural networks are often outperformed by more traditional
methods such as tree-based algorithms like XGBoost [222] or logistic regression, which operate

directly in the input space and do not learn a manifold during training. Therefore, it remains an
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Figure 5.1: TabMDA improves tabular data classifiers by jointly embedding and augmenting the dataset
in the embedding space of pre-trained tabular transformers using in-context learning. It generates multiple
embeddings for each input by presenting different contexts to the encoder, leveraging its in-context
learning capability. This results in an expanded training dataset with more diverse samples, enhancing the
accuracy and robustness of the downstream predictor. TabMDA is training-free and can be applied to any
classifier.

open question how to enhance these traditional methods with the benefits of MDA.

To address the challenges of small tabular datasets, I introduce TabMDA (Figure 5.1), a
new training-free method for performing manifold data augmentation (MDA) on tabular data.
TabMDA is a general method that works with any downstream classifier. It has two components:
first, it leverages an existing pre-trained in-context model, such as TabPFN [223], to embed the
data in a manifold space. Second, I introduce in-context subsetting (ICS), a novel technique
that encodes the input data multiple times using the in-context encoder, with each iteration
using different data subsets as context for the model. This process explores the manifold space
learned by the pre-trained encoder (see Figure 5.2 for an illustration). The downstream classifier
is then trained on this expanded manifold dataset, thereby indirectly incorporating the pre-
training knowledge into any subsequent classification model. Crucially, my method requires no
additional training and is applicable to any classifier. I investigate TabMDA using five common
tabular classifiers across 28 different dataset configurations of varying sizes. My results show
that TabMDA substantially improves the performance of various standard tabular classifiers,
including tree-based ensembles such as XGBoost, while reducing the variability among their
performance. As a result, TabMDA enables explainable classifiers, such as KNN, to become
very competitive and sometimes even achieve the highest performance.

My contributions can be summarised as:

* TabMDA: A novel training-free data augmentation method that jointly embeds and
augments the data using pre-trained in-context models. TabMDA can be applied to any
classifier, and my results demonstrate that it improves performance across classifiers on

small datasets.

* In-context Subsetting: A new technique for label-invariant transformations in the mani-
fold of in-context models by using multiple iterations of in-context encoding with different

data contexts.
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Figure 5.2: PCA linear projection of the first two PCs of the raw input data space for the “vehicle” dataset
(left), the manifold space using the encoder from [223] (middle), and the augmented manifold space
after using my proposed method (right). The colour of the data points represents one of four class labels.
Visualisations for all datasets are available in Section 5.5.4.

5.2 Related work

Using LLMs on tabular data. The remarkable success of Large Language Models (LLMs),
trained on massive text corpora and scaled to unprecedented sizes [3, 224], has motivated their
adaptation to tabular learning [225]. Adapting LLMs for tabular data leverages the broad world
knowledge already learned, enables in-context learning (ICL) capabilities, and effectively utilises
meta-information in tabular data, such as column names [226]. For instance, LIFT [227] intro-
duced language-interfaced fine-tuning by adapting GPT-3 [3] and GPT-J [228] to multiple tabular
learning datasets, finding that the performance of fine-tuned LLMs was roughly comparable
to traditional solutions. TabLLM [229] fine-tuned TO [230], showing slight underperformance
compared to classical tree models. Although these studies demonstrate that while LL.Ms trained
on text corpora can be applied to tabular learning, there remains a performance gap between
LLM:s and classical tabular models due to the lack of tabular-specific inductive biases in LLMs.

Transformer-based models for tabular data. Transformers for tabular data are typically
developed by training from scratch on the target task. Occasionally, an additional pre-training
phase on the target task itself is included, unlike LL.Ms, which use large external corpora. These
models introduce various attention mechanisms to handle the tabular data structure. For instance,
TUTA [231] introduces a novel attention mechanism that allows the model to attend to the entire
table at once, while TAPAS [232] introduces a column-specific attention mechanism that allows
the model to attend to the relevant columns in the table. TransTab [233] combines column
descriptions and cells as input to a gated Transformer model for feature encoding. SAINT
[234] performs attention across both rows and columns to capture the relationships between
different cells in the table. More notable examples in this type of models include TabNet [235],
TabTransformer [236], and FT-Transformer [237]. Even though transformers can be competitive

on large tabular tasks but are often outperformed by well-tuned MLPs [238], especially on small
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datasets [239]. This suggests that models trained on a single tabular task lack adequate in-context
learning (ICL) capabilities for tabular data.

In-context learning (ICL) for tabular data and TabPFN. ICL allows Transformer-based
models to adapt to new tasks by conditioning on demonstrations of input-output pairs. Recently,
ICL has shown promising results on tabular data. Notably, TabPFN [223], a meta-learned
Transformer with ICL capabilities, has demonstrated competitive accuracy compared to tree-
based ensembles on small supervised classification tasks. TabPFN employs a Prior-Data Fitted
Network (PFN) [240] approach, where it is pre-trained on synthetic datasets generated from
Structural Causal Models (SCMs) and Bayesian Neural Networks (BNNs), which resembles
the causal structure commonly assumed in tabular data. This pretraining enables TabPFN to
approximate Bayesian inference in a single forward pass, reducing computational needs and
eliminating hyper-parameter tuning. During inference, TabPFN uses the training dataset (context)
and new sample features as input, directly outputting the posterior predictive distribution (PPD)
for the new samples. This leverages in-context learning to embed new samples without parameter
updates, making TabPFN effective on small datasets. Although TabPFN can embed samples into
a rich manifold space using its in-context learning abilities, the nature of this embedding space
has not been studied. However, I believe these manifolds could facilitate data augmentation for
various classifiers.

Tabular Data Augmentation. Tabular data augmentation is less explored due to several
challenges, such as the lack of explicit symmetries like rotations or translations and generally
weaker feature correlations compared to the strong spatial or semantic relationships in image
or text data [241]. Augmenting tabular data often involves training generative models, which
is computationally expensive [242-246]. On small tasks, this can lead to overfitting [247] and
mode collapse [248, 249], where the model fails to capture the diversity of each class. Recently,
TabPFGen [250] transformed TabPFN into an energy-based class-conditional generator for data
augmentation in the input-space. While it does not require specialised training, TabPFGen
achieves minimal performance improvements and retains TabPFN’s limitations, such as being
applicable to only up to ten classes. In contrast, my method, TabMDA, is capable of handling
datasets with an unlimited number of classes. Overall, existing methods for augmenting tabular

data often yield mixed results and can even degrade model performance [218, 251].

5.3 Preliminaries

5.3.1 Problem formulation

I focus on supervised classification tasks involving ) categorical classes. Formally, let the
training set be defined as { (¥, y;)}~,, composed of N samples, where each sample () ¢ RP

is continuous and associated with a categorical label y; € ). For convenience, I represent the
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training dataset as a feature matrix X, € RV*P

[ylvaa 7yN]

and a corresponding label vector Y, =

5.3.2 Pretrained Transformers for tabular data

Transformer architectures [1] have demonstrated remarkable success in diverse domains such
as language and vision. Recently, Transformers have also been successfully adapted to handle
tabular data [233, 234, 236]. Unlike typical Transformers, pretrained tabular Transformers are
specifically designed to capture the inherent relationships and interactions between features
within structured tabular datasets. These models are generally pretrained using extensive synthetic
or real-world tabular datasets, endowing them with latent representations of tabular structures
beneficial for downstream tasks.

A notable example of such pretrained tabular Transformers is the Tabular Prior-Data Fitted
Network (TabPFN) [223], which is employed in this work. TabPFN is pretrained on synthetic
datasets generated from Structural Causal Models (SCMs) and Bayesian Neural Networks
(BNN5s), thereby effectively capturing causal structures commonly found in tabular data. TabPFN
approximates Bayesian inference in a single forward pass, significantly reducing computational
demands and eliminating the need for hyper-parameter tuning. At inference time, TabPFN
embeds input samples in a latent manifold space using an attention-based mechanism, conditioned
on provided input samples and their corresponding labels (context). This unique capability,
known as in-context learning (ICL), makes TabPFN particularly effective for small-to-medium-

sized tabular datasets, providing rich, context-dependent latent representations.

5.4 Methodology

In this section, I describe TabMDA (Figure 5.1), a novel training-free manifold data augmentation
method for tabular data. TabMDA enhances downstream performance of any classifier by
augmenting the dataset through diverse label-invariant transformations in the embedding space
of pretrained tabular Transformers, leveraging the context-dependent nature of embeddings

produced by these models.

5.4.1 Embedding tabular data into the manifold space

TabMDA begins by embedding the real data into a manifold space of a pre-trained Transformer-
based tabular in-context model. Specifically, I use the pretrained TabPFN encoder [223], as
discussed in the preliminaries, to encode input data points into a latent embedding space.

In particular, I utilise only the encoder component of the TabPFN model for embedding
data points x in its latent space of size D’. The encoder takes the input samples X, and their

labels y.in as the context. For clarity, I denote the context X using only the input samples
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Algorithm 1 In-context Subsetting (ICS)
Input: Tabular in-context model ¢; Number of contexts to generate K'; Context size N; Train data
Xirin: Data point to augment  Output: Augmented versions of x
1: function ICS(¢, K, N¢x, Xirain, )
2: for k =1to K do
: X (k) _ Stratified sample N points from Xpin

3 ctx

4 mgﬁ; = ¢(X, c(f;i), x) > Augment the data point
5 end for

6: Let Xy := [mgi)g, mgﬁé, . ,mgﬁé)]

7 return X, as the augmented versions of x

8: end function

Xirain- Given a set of data consisting of samples x, the encoder produces embeddings ¢( X, )
that depend on the context provided during encoding. This context-dependent encoding arises
naturally from the model self-attention mechanism, which computes representations of data
points conditioned on their provided context. Consequently, using the model to encode with

different contexts will produce different embeddings for the same data point .

5.4.2 Manifold data augmentation with in-context subsetting

I propose a novel data augmentation technique named in-context subsetting (ICS), which lever-
ages the contextual sensitivity of pretrained Transformer encoders to perform label-invariant
transformations directly within the latent manifold space. Given a training dataset X.,;, and
a sample x to augment, ICS constructs multiple contexts by randomly selecting subsets from
Xiain and encoding the target data point within these varying contexts.

Formally, for each data point x, [ sample K distinct contexts Xc(t]f() , each consisting of N
data points sampled via stratified sampling from the training dataset. Encoding x using each
context Xc(t]f() results in A” augmented embeddings, denoted as X, := [a:ful,?;, a:gﬁ?g, o ,wgqu)].
This procedure enriches the training dataset with diverse manifold embeddings, enhancing the
downstream model capacity to generalize. Figure 5.2 provides an illustration of the effect of

manifold data augmentation. Algorithm 1 provides a description of the ICS algorithm.

5.4.3 Training downstream classifiers on augmented data

With TabMDA, I construct an augmented training dataset by embedding and augmenting each
data point using ICS. Specifically, I encode each training point (¥ to obtain the augmented

training dataset:

N

Xoem = ¢ | ICS (¢, K, New, Xiain, 7)1 iy - - -, s (5.1)
N——

train
K times i=1
where X 18" ¢ RUEXN)*D" represents the expanded, diverse embedding dataset and D’

train
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is the dimensionality of the embedding manifold. Due to the label-invariant nature of ICS,
augmented samples retain their original labels. The downstream classifier, whether neural
or classical (e.g., XGBoost, KNN), is subsequently trained exclusively on this augmented
dataset. At test time, points x'**" are embedded using the complete training context (equivalent to
ICS(¢, 1, N, X ain, ")), ensuring consistent manifold alignment between train and test embed-
dings. As demonstrated in the experiments in the next section, TabMDA consistently improves
generalisation and robustness across various downstream classifiers, reducing performance

variability, and notably enhancing simpler, interpretable models.

5.5 Experiments

—e— Realdata  —e— With TabMDA
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. 100 —

g w0l / L
80 1 /
o] / _—

60 ¢

©
o
L

—

\
\
1\

Y
Balanced accuracy (%)
~
&
o,
\

IS

o
L
o
vl

Balanced accuracy (%)
w o
o o
. L :
1 o
\\
\.
Balanced accuracy (%)

T T T T T T T T T T T T T
20 50 100 200 500 20 50 100 200 500 20 50 100 200 500
Number of real samples Number of real samples Number of real samples
protein texture fourier (artificial dataset)
80
g /. $ 90 9 =
< o < < e
2 80 / /' 3 80 ._/_./. 3 604 /:/.
® ® 804 . o
é g - é / /0—/ é ;/
v} / o o o]
15 © 704 ¢ @
< 60 - /’ < o 40+
Q Q s I}
o o 5]
£ ./ L : [
g, 3 5201 §
40 501
T T T T T T T T T T T T T
50 100 200 500 50 100 200 500 20 50 100 200 500
Number of real samples Number of real samples Number of real samples

Figure 5.3: Average accuracy (%) for five downstream classifiers trained on real data (the original input
space) and TabMDA embeddings. I report the mean-=std of test balanced accuracy over 10 runs for
each predictor, totalling 50 runs. Training with TabMDA substantially improves performance across five
real-world tabular datasets and reduces variability among classifiers. It also performs well on artificial
datasets, such as “fourier”, which are processed images, despite differing from the inductive bias of the
in-context encoder, TabPFN.

5.5.1 Experimental setup

Datasets. I focus on small-to-medium classification tasks, because this regime allows the
study of the effect of data augmentation. I consider six tabular datasets, publicly available on
OpenML [252] with complete details included in Table 5.1. I evaluate all models over 10 runs

and report the mean and standard deviation of the test-balanced accuracy averaged across them.
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Dataset | OpenML ID | # samples (N) | # features (D) ‘ N/D ‘ # classes ‘ # min samples per class | # max samples per class

vehicle 54 846 18| 47 4 199 218
steel 1504 1941 33 59 2 673 1268
biodeg 1494 1055 41 26 2 356 699
protein 40966 1080 77 14 8 105 150
texture 40499 5500 40 | 138 11 500 500
fourier 14 2000 76| 26 10 200 200

Table 5.1: Details of the datasets used for experiments. “fourier” is an artificial dataset created by
processing images.

Setup and evaluation. For each dataset comprising /N samples, I initially split it into
stratified training and test sets. I use a sizeable test set to ensure an accurate evaluation of
the model’s performance. The size of the test set is calculated as Ny, = min (%, 500). To
better understand the impact of my method across different dataset sizes, [ subsample the full
training set to simulate varying levels of data availability, creating subsets with sample sizes
Nreal € {20, 50,100,200, 500}. Each subset is split into training and validation sets, with 80%
Of Nieq for training and the remaining 20% for validation. I repeat the training set splitting 10
times to result in 10 runs per subset size. Note that the same test set is used for all repeats to
ensure consistency in performance evaluation.

Implementation of classifier models. For implementing the various classifier models in my
experiments, | utilised established libraries to ensure reliability and consistency. The K-Nearest
Neighbors (KNN), Logistic Regression, Decision Tree, and Random Forest classifiers were all
implemented using the scikit-learn library [253] (BSD license), version 1.3.2. For the XGBoost
classifier, I used the xgboost library, version 1.7.6, which is specifically optimised for gradient
boosting.

Hyper-parameters for benchmark models. The K-Nearest Neighbors (KNN) classifier
was configured with 5 neighbors and used the cosine distance metric for measuring similarity
between instances. For Logistic Regression, I set the maximum number of iterations to 1000 to
allow sufficient convergence during optimisation. The Decision Tree classifier was limited to
a maximum depth of 3, with a minimum of 2 samples required per leaf to prevent overfitting.
Similarly, the Random Forest classifier comprised 200 trees, each with a maximum depth of
3 and a minimum of 2 samples per leaf, balancing complexity and generalisation. Lastly, the
XGBoost classifier was configured with 200 estimators, a learning rate of 0.3, and a maximum
depth of 3.

TabMDA settings. For the in-context model, I use the encoder component of TabPFN [223],
a pre-trained classifier. I utilise the embeddings produced by its Transformer encoder and I use
the official weights released by the TabPFN authors. I use TabPFN without ensembling (referred
to as TabPFN,, . in the original paper), and I do not disable its internal data preprocessing. For
the proposed in-context subsetting, I define the context size as a proportion of the training set,

considering context sizes of 0.5, 0.7, 0.9, and 1. Additionally, I evaluate 5, 20, and 50 subcontexts.
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https://github.com/automl/TabPFN/raw/ main/tabpfn/models_diff/prior_diff_real_checkpoint_n_0_epoch_42.cpkt

Dataset N TabPFN KNN Logistic Regression Decision Tree Random Forest XGBoost
Real data TabMDA ‘Real data TabMDA ‘Real data  TabMDA Real data TabMDA ‘Real data TabMDA

20 50.814638 | 38.684350 S1.124444 T | 52401364 51.694344 38.87+5.91 41441676 T | 47164395 52.84.528 1 | 45210460 51.544544 T
50 64.554554 | 49.321351 64931366 1 | 60.991387 65.62135 1 | 46421540  59.894403 T | 55764360 64214355 T | 56.60+403 63.641473 T
vehicle 100 73.671293 | 59.041386 733141047 | 68.801280 72.104297 T | 55.524649 69.764188 T | 62.564554 73.484320 1 | 65.651367 71.661224 T

200 81134187 | 64311078 777411751 | 74261182 80.771105 1 | 60.154334  76.724229 66.964357 81.581320 T | 72.744200 80.504256 1
500 84.114100 | 68901002 8333110201 | 78294111 84574085 T | 65.754285 81144146 70.071004 851141321 | 78.30+167 84124121 1

20 57964429 | 54171372 61.624362 1 | 63.961021 65101400 T | 53.924312  61.081668 T | 53.231273 64.764527 1 | 54944348 62.031441 1
50 82.094791 | 69.814554 81.754727 1 | 88.064564 82.424953 62.681997  76.10479> T | 60.401343 82.694g33 T | 62.534057 81.554717 1
steel 100 97.374137 | 81.554473 97.764128 T | 98.85:1120 97.78+146 70.7841239 95254008 T | 63.894275 98.041129 T | 73794619 96994127 T
200 98.844070 | 87.584208 99.571062 1T | 99431058 99.55+061 T | 84401860 97.834186 T | 68.294201 99.314060 T | 91274347 98.794101 T
500 99.77 4030 | 935141220 99914014 T | 99.784027 99.834024 T | 88.014071  99.774023 T | 74.224000  99.834024 T | 99554072 99.674050 T

20 66.851933 | 67.241619 69.644510 T | 71631543 69.041699 | 64150700 63481703 | 65.034775 72064404 T | 66.101605 69.824461 1
50 75214067 | 73.274031  72.374337 76.42.303 74.831324 64.851355  70.014657 7 | 69471350 73284631 7 | 70.561405 72.901644 1
biodeg 100 78784156 | 76.984177 78594100 T | 79.061166 77.371261 68.861361 77.084357 7 | 73.881036 77.851077 1 | 74981208 78.024084 1
200 82.66.1.87 | 79861250 82.641180 7 | 81924156 80.681044 | 75.124304  80.174461 T | 75481000 81.344104 1 | 79304141 80.131184 T
500 84.961067 | 82481065 85.054081 1 | 83.861054 844741041 | 77124180 825441131 | 76.7840001 84454068 T | 83.171163 84.094101 T

50 51.654574 | 36.684340 55824460 T | 61224356 62481421 1 | 38.124280 40514508 T | 52.9843.13 54.90442 1T | 44.781401 56.20452 T
100 72.584376 | 50.284367 79.264266 T | 79464320 80441267 T | 48114503 57894325 T | 63.694074 77.324206 T | 64524321 79.404273 T

PrOIN 1 500 | 86.694277 | 66421060 91055181 T | 90.984170 92.97i191 1 | 50501006 654014731 | 70891315 88404141 1 | 79385148 91494154 T
500 95.5840098 | 84944158 98.094053 T | 97.851081 98.214950 T | 53484310 70434154 T | 75904200 97.274003 T | 92294142 98.064060 T
50 N/A 62814300 78.504385 T | 86.074267 88.08.253 17 | 37.341719 44494453 T | 70410001 7924433 T | 62.031478 83.481355 T
texture 100 N/A 77844029 937541481 | 94.054175 95524118 7 | 34.841371 35554536 T | 76424146 90.674190 T | 75.224383 94.041137 1
200 N/A 85.09+4160 95.621140 T | 96554118 97491085 T | 38.124461  39.734383 T | 76.654134 9425412 T | 84.00+183 96.394119 T
500 N/A 91.28413 98.114025 T | 98.014035 98731047 T | 39.674370 41464753 T | 77.344020 97404063 T | 91.831129 98.45.051 T
20 26.5845.16 | 19.5812.17 18324304 42.88.523 35.001565 11.2649.78 13724067 7 | 35424319  29.291308 10.00+000 10.00+0.00
fourier 50 55.384483 | 54.381256 S57.164399 T | 60.66+164 63.384251 1 | 31.641453 36.641362 T | 65.78.1355 55.16143 50.62+152 53.724301

(artificial) 100 61981340 | 63241017 68.541245 1 | 67841250 70.10+307 T | 38.681604  40.284441 T | 73201261 60481324 64.96.315 67.86+3.16 T
200 68.941541 | 70744257 75104206 T | 72.844043 74624236 1 | 43.624561 42944587 76421253 682441114 74.00+156 74744167 7
500 76.284207 | 78.08+1.04 81.224003 T | 77.524117 79.88+176 T | 43.824607 41984650 77.64+151 76421186 80.30+151 81.244076 1

Average accuracy | 73.77 | 67.43 77.501 | 78.70 79.381 53.06 60.837 | 67.00 77.141 69.59 77.161

Table 5.2: Classification accuracy (%) of five downstream predictors trained on real data (the original
input space) and on TabMDA embeddings. I present the mean + standard deviation of the test balanced
accuracy averaged over ten runs. T indicates that TabMDA improves the performance of the downstream
classifier. N/A indicates that TabPFN is not applicable to “texture”. I bold the highest accuracy for
each dataset of different sample sizes. My method, TabMDA, consistently improves the accuracy of
downstream classifiers, with an average improvement of up to 10%.

I select the optimal TabMDA settings based on the validation balanced accuracy for each dataset

configuration.

5.5.2 Opverall performance on classification accuracy

I assess the impact of TabMDA on the performance of various tabular classifiers. I train these
classifiers on real data (the original input space) and on TabMDA-augmented data, which
consists of augmented embeddings output from the TabPFN’s Transformer encoder. I consider
five classification models with different inductive biases: distance-based methods (K-Nearest
Neighbors (KNN)), linear methods (Logistic Regression) and tree-based methods (Decision
Tree [254], Random Forest [255] and XGBoost [222]). I could not use TabPFN for the final
prediction because it handles data with up to 100 dimensions, and the embeddings provided by
TabMDA have 512 dimensions. Following previous work [256], I train the predictors with a
fixed set of hyper-parameters. I use identical hyper-parameters for the downstream models when
trained on real data and with TabMDA.

On the overall downstream performance. Figure 5.3 illustrates the overall impact of

training downstream predictors with TabMDA. The results indicate that TabMDA enhances
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overall performance by up to 15% across five real-world tabular datasets. Improvements are
observed across all dataset sizes, with more significant gains for datasets of 100 samples or
more. On average, 3% of this performance improvement is attributed to the proposed in-context
subsetting (regardless of the context sizes), and the remaining performance gain is due to training
directly on the TabPFN’s manifold (see Section 5.5.3). Higher context sizes of 0.7 and 0.9 tend
to yield better results than the smaller context size of 0.5. This trend is particularly noticeable
for small datasets, where a smaller context size might introduce too much variance, negatively
impacting performance (see Section 5.5.3).

One important observation is that training with TabMDA significantly reduces performance
variability across classifiers. For example, on the “vehicle”, “steel” and “biodeg” datasets,
classifiers trained on real data exhibit considerable performance variation, as indicated by the
large standard deviations in accuracy (marked with red hue band in Figure 5.3). In contrast,
training with TabMDA substantially reduces the performance variability, resulting in predictors
with similar performance levels. This is advantageous as it enables using interpretable classifiers,
such as KNN, which typically perform poorly when applied directly to the input space.

As expected, the performance of TabMDA depends on the underlying in-context model and
its pre-training inductive bias (i.e., the model’s prior). I use TabPFEN, which was trained on data
with a suitable prior for tabular data, allowing it to perform well with real-world datasets. Note
that, from the six selected datasets in Figure 5.3, “fourier” is an artificial dataset consisting of
Fourier coefficients from digitised images of handwritten numerals on Dutch maps. This dataset
does not align well with TabPFN’s prior, leading to minimal performance improvements by
TabMDA. Despite this, TabMDA significantly enhances performance stability.

TabMDA improves performance across classifiers. The results in Table 5.2 show sub-
stantial improvements in classification accuracy across multiple datasets when using TabMDA
embeddings compared to training on real data alone. TabMDA consistently enhances perfor-
mance for common tree-based ensembles like Random Forest and XGBoost. Logistic Regression
also sees improvements, albeit to a lesser extent. Notably, training with TabMDA achieves the
highest performance in 18 out of 24 real-world dataset settings (as “fourier” is an artificial
dataset).

KNN trained with TabMDA is surprisingly competitive. Simple classifiers like KNN
are advantageous due to their explainability and ease of debugging. KNN makes predictions
based on available training data, making them easy to understand and debug. These classifiers
offer highly desirable properties, such as providing prototypical explanations of predictions.
However, when trained on real data, KNN shows a notable performance gap of ~9% when
compared to other classifiers. The results in Table 5.2 show that KNN trained with TabMDA is
surprisingly competitive, closely matching maximal performance. On a larger dataset of 500
samples, KNN (with TabMDA) achieves the best accuracy on two datasets and encounters less

than 2% performance degradation on the other three. This result indicates that the manifolds
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learned by the pre-trained in-context transforms possess meaningful distances, making it an

interesting direction for future work.

5.5.3 Effect of in-context subsetting on classification performance

Table 5.3 shows the impact of in-context subsetting (ICS) on classification performance. I
compared the performance of using the full context (i.e., no ICS) against ICS with various
context sizes N . Even though the optimal context subset size varies across datasets, the results
show ICS improves performance across datasets compared to using the full context. Higher
context sizes of 0.7 and 0.9 tend to yield better results than the smaller context size of 0.5. This
trend is particularly noticeable for small datasets, where a smaller context size might introduce
too much variance, negatively impacting performance. Therefore, it is advisable to consider
larger context sizes of 0.7 and 0.9 for improved classification accuracy, especially when dealing
with limited data.

I recognize that one limitation of TabMDA is the need to tune the context size hyper-
parameter. Inspired by TrivialAugment [257], I implemented a similar augmentation strategy
within TabMDA. Instead of using a fixed context size, I randomly sample Ny ~ U[0.5,0.99]
for each context subsetting. This approach (Column TabMDA (TA) in Table 5.3) consistently
outperforms using the full context, but performs slightly worse than using a fixed context size
value. Further investigation is necessary to potentially develop TabMDA into a hyper-parameter-

free method.
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TabMDA (with ICS)
Dataset Nica | Full context (no ICS)
Nex = 0.5 | New = 0.7 | New = 0.9 | New ~ U[0.5,0.99]
20 46.47 48.56 49.97 50.43 46.28
50 60.03 63.39 64.22 63.52 61.61
vehicle 100 68.39 72.05 72.71 72.29 70.31
200 77.14 78.7 79.04 78.85 78.03
500 83.04 83.07 83.07 82.97 82.54
20 60.04 59.62 59.4 62.63 60.73
50 77.57 76.23 79.92 80.9 78.31
steel 100 91.57 94.9 96.6 96.85 94.32
200 97.78 97.87 99.22 99.21 98.94
500 99.27 99.85 99.87 99.73 99.68
20 66.25 65.94 64.32 69.55 66.93
50 72.16 69.74 71.53 71.92 71.15
biodeg 100 77.03 76.47 77.13 77.33 75.5
200 81.23 80.68 80.86 80.28 79.05
500 84.15 83.91 83.81 83.67 83.37
50 45.55 50.96 53.2 53.97 48.83
100 64.34 74.65 74.75 73.44 71.78
protein 200 77.9 85.24 85.73 82.97 83.99
500 86.55 92.3 92.41 88.89 91.91
50 66.0 73.28 72.1 72.1 69.04
100 75.53 80.82 81.07 80.41 79.88
texture
200 80.66 82.55 83.37 82.93 82.03
500 85.78 84.64 84.77 85.06 84.59
50 44.02 51.04 53.72 53.69 50.94
100 52.6 60.76 60.51 59.47 58.28
fourier
(artificial) | 200 61.05 66.59 66.44 65.35 64.73
500 68.82 70.63 70.35 70.18 69.87
Average accuracy ‘ 72.26 74.98 75.56 75.50 74.17

Table 5.3: Ablation of the context size hyper-parameter for In-context Subsetting (ICS). The last column
depicts a TrivialAugment-inspired version of TabMDA, where the context size is uniformly sampled from
Nex ~ UJ[0.5,0.99] instead of fixed to a predefined value. ICS improves performance across datasets
compared to using the full context.
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5.5.4 Qualitative analysis of original data versus generated manifold space

To qualitatively illustrate the effectiveness of TabMDA, I visually compare the distribution of the
original tabular data in the raw input space, the manifold embeddings generated by the pretrained
TabPFN encoder, and the augmented manifold embeddings produced by my proposed TabMDA
method. Figures 5.4, 5.5, 5.6, 5.7, and 5.8 clearly demonstrate that the augmented manifold
spaces exhibit richer and more structured class separations compared to the raw input spaces.
These visualisations support my quantitative results by highlighting how TabMDA generates

embeddings that enhance class separability and diversity, facilitating improved downstream

classification performance.
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Figure 5.4: PCA linear projection of the first 2 PCs of the raw input data space for the “protein” dataset
(left), the manifold space using the encoder from [223] (middle) and the augmented manifold space after
using my proposed method (right). The colour of the data points depicts class label.
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Figure 5.5: PCA linear projection of the first 2 PCs of the raw input data space for the “biodeg” dataset
(left), the manifold space using the encoder from [223] (middle) and the augmented manifold space after
using my proposed method (right). The colour of the data points depicts class label.
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Figure 5.6: PCA linear projection of the first 2 PCs of the raw input data space for the “steel” dataset
(left), the manifold space using the encoder from [223] (middle), and the augmented manifold space after

using my proposed method (right). The colour of the data points depicts class label.
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Figure 5.7: PCA linear projection of the first 2 PCs of the raw input data space for the “texture” dataset
(left), the manifold space using the encoder from [223] (middle), and the augmented manifold space after

using my proposed method (right). The colour of the data points depicts class label.
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Figure 5.8: PCA linear projection of the first 2 PCs of the raw input data space for the “fourier”” dataset
(left), the manifold space using the encoder from [223] (middle), and the augmented manifold space after

using my proposed method (right). The colour of the data points depicts class label.
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5.6 Discussion and summary

In this chapter, I presented TabMDA, a novel training-free manifold data augmentation method
specifically designed for tabular data. By leveraging the in-context learning capabilities of a
pre-trained model, namely TabPFN, and introducing my innovative in-context subsetting (ICS)
mechanism for label-invariant transformations, TabMDA generates diverse and informative
augmented representations directly in the learned manifold space. This approach effectively
addresses the challenges of augmenting tabular data, where traditional augmentation techniques
often fail due to the heterogeneous nature and lack of explicit symmetries in the input space.

My extensive experiments across a variety of small-to-medium sized tabular datasets demon-
strate that TabMDA significantly improves the performance of standard classifiers, boosting
accuracy by up to 15% in some cases, while simultaneously reducing performance variability
across different models. Notably, even simple and interpretable classifiers like KNN benefit from
my method, achieving competitive results that typically require more sophisticated ensemble
methods. The consistency in performance provided by TabMDA is particularly valuable in
real-world scenarios where robustness and reliability are as important as raw predictive accuracy.

A key insight underlying TabMDA is its ability to exploit the manifold learned by pre-trained
in-context models. By embedding the data into a structured, continuous space, my method
enables meaningful label-invariant transformations through ICS. This not only increases the
effective training set size but also helps mitigate overfitting, especially in low-data regimes. The
process of generating multiple augmented versions of each data point through different contextual
encodings enriches the feature diversity and allows downstream classifiers to generalise better.

Despite these promising results, TabMDA inherits limitations from its underlying in-context
model encoder. Specifically, the current implementation using TabPEN is constrained to tabular
datasets with up to 100 features. As advancements occur in tabular in-context models, I anticipate
corresponding improvements in the performance and scalability of TabMDA. Another significant
limitation arises from the requirement that the in-context model must have access to the entire
training set at inference time. This constraint can be impractical or even impossible in scenarios
with strict privacy concerns or limited computational resources. One potential solution to
this challenge is knowledge distillation of the underlying encoder, an approach previously
demonstrated to retain most of the original model’s performance [258]. Further research into
knowledge distillation techniques could effectively mitigate this issue.

Future research could also benefit from exploring adaptive strategies for context subsetting,
potentially optimising augmentation quality by dynamically tuning context size based on dataset
characteristics. Moreover, investigating extensions to handle mixed data types or integrating
TabMDA into semi-supervised learning frameworks could significantly broaden its practical
applicability. Lastly, deeper investigations into the properties of the embedding manifold,

including examining the embedding spaces of tabular in-context models and the effects of
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ICS, could provide valuable insights into further improving augmentation effectiveness and
downstream performance.

Overall, TabMDA offers a practical and effective solution for improving tabular data classifi-
cation. By harnessing the strengths of pre-trained in-context models to perform data augmentation
directly in the embedding space, my method advances the state of the art in tabular learning and

opens new possibilities for robust, scalable, and interpretable data analysis.
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CHAPTER 6

CONCLUSIONS AND FUTURE DIRECTIONS

This thesis has made foundational contributions to the field of multimodal learning and knowl-
edge representation by addressing critical challenges in three distinct yet interconnected areas:
text-attributed node classification on hypergraphs, weakly supervised semantic distillation for
dense retrieval, and tabular manifold data augmentation. Through the development of novel
methodologies, I have advanced the state-of-the-art in each domain and provided valuable
insights into the effective integration of diverse data modalities.

My work on text-attributed hypergraphs led to the design of HyperBERT, a framework that
combines the strengths of hypergraph neural networks and pre-trained language models. By
embedding higher-order structural information directly into the language model’s architecture,
HyperBERT demonstrates that incorporating hypergraph topology with rich semantic represen-
tations can significantly improve node classification performance. This contribution not only
sets a new benchmark for text-attributed node classification but also underscores the untapped
potential of jointly modeling complex relational structures and unstructured textual data.

In the area of dense retrieval, I introduced a weakly supervised training framework that
leverages language model distillation. By transferring the robust semantic reasoning capabilities
of large language models to more compact, knowledge-aware models, my approach effectively
mitigates the dependence on extensive and expensive annotated data. The success of this
framework on benchmarks such as FEVER and FB15k-237 illustrates that carefully designed
self-supervised losses can capture nuanced claim—evidence relationships even in low-resource
settings. This advancement opens the door to more scalable and accessible claim verification
systems, a necessity in today’s era of rampant misinformation.

My work into tabular data augmentation culminated in the development of TabMDA, a
training-free method that operates in the embedding manifold of pre-trained in-context mod-
els. By introducing in-context subsetting to perform label-invariant transformations, TabMDA
not only expands the effective size of the training dataset but also significantly enhances the

performance and stability of downstream classifiers. The ability to improve even simple and

95



interpretable models such as KNN highlights the broad applicability and practical impact of the
approach, especially in scenarios where data is scarce.

Looking forward, several promising directions emerge from this research. First, scaling
these multimodal systems to accommodate larger, more complex datasets remains an important
challenge. Extending HyperBERT to dynamically incorporate temporal and evolving hypergraph
structures could enable new applications in social network analysis and dynamic recommendation
systems. Similarly, adapting the dense retrieval framework to multilingual and cross-modal
contexts would further broaden its applicability and impact, especially for global misinformation
detection.

In the realm of tabular data augmentation, future work could explore lightweight, parameter-
efficient models that enhance usability in resource-constrained environments. Integrating explain-
ability directly into the augmentation process is another compelling avenue, with the potential to
increase user trust in critical domains such as healthcare and finance. Furthermore, a deeper ex-
ploration of the learned manifold properties may yield insights into more robust and theoretically
grounded augmentation strategies.

Beyond these specific extensions, the methodologies developed in this thesis have the
potential to drive interdisciplinary applications. They offer a promising foundation for lifelong
learning systems capable of integrating new data modalities and adapting to evolving data
distributions. Ultimately, this research lays the groundwork for the next generation of intelligent
systems, ones that are not only more versatile and robust but also better equipped to operate in
complex, multimodal environments that characterize many real-world problems.

In conclusion, the contributions presented in this thesis represent significant strides towards
bridging the gap between heterogeneous data modalities. Using structural, textual, and tabular
information within deep learning frameworks, I have opened new pathways for innovation in
multimodal learning and set the stage for future research that will further enhance the capabilities

and impact of artificial intelligence.
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